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1 Executive	Summary	
The development of advanced reconstruction algorithms holds the potential to improve the detection 
performance of explosive detection systems (EDS1) based on computerized tomography (CT). Improved 
detection performance is defined as increased probability of detection (PD), decreased probability of 
false alarm (PFA), decreased minimum mass and a larger set of explosives.  
 
A project to assess this potential was executed by Awareness and Localization of Explosive Explosives‐
Related Threats (ALERT), a Department of Homeland Security (DHS) Center of Excellence (COE) at 
Northeastern University using funding provided by the Explosives Division (EXD) of DHS. Eight groups of 
academic researchers from the medical imaging community were provided with projection (raw) data 
from scans of objects of interest (OOI) taken on a medical CT scanner in order to develop advanced 
reconstruction algorithms. Another researcher was funded to develop tools to generate simulated 
projection data in order to decrease the time and effort required to develop the advanced 
reconstruction algorithms.   
 
The results of this research are as follows. 

• Image quality improvement: 
o New reconstruction algorithms were developed to improve the image quality (IQ) of CT 

scans of objects of interest in the presence of various amount of clutter. In particular, 
the algorithms demonstrated reduced streaking artifacts caused by the presence of 
metal and improved the contrast between objects.  

o The new algorithms are based on iterative reconstruction, sinogram processing, 
enhancements to filtered back‐projection (FBP), pre‐reconstruction dual‐energy 
decomposition and simultaneous reconstruction/segmentation. 

o The improved IQ can be obtained using both single‐ and dual‐energy scans.  
o The IQ improvements may be achieved with computationally inexpensive modifications 

to the analytic reconstruction algorithms presently used on all deployed EDS equipment. 
Additional improvements in IQ may necessitate more computationally expensive 
reconstruction algorithms. 

• Explosive detection improvement: 
o Metrics were developed based on multi‐dimensional plots of object features, which are 

also known as clouds, to assess the impact on detection performance. The features 
were extracted from scans of the same object in different containers and in different 
amounts of clutter. This cloud‐based evaluation obviated complete ATR development 
for each new reconstruction algorithm. 

o The metrics, when applied to the data from the medical CT scanner using the 
reconstruction algorithms developed by the researchers, showed that detection 

                                                            
1 Acronyms and terms are defined in Section 10. 
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performance will be improved because the features extracted from the OOIs have 
greater repeatability in a variety of contexts, in part because of reduced streak artifacts 
and increased contrast between objects.  

o Combined reconstruction and segmentation algorithms have the potential to further 
improve detection performance.  

• Databases: 
o A publically available database of projection data, images and meta‐data together has 

been created for future research into reconstruction and ATR algorithms. Meta‐data 
characterizes the scanner geometry, x‐ray optics, readout sequences and file formats. 

o The scans of the OOIs on a medical scanner are representative of the images generated 
by deployed EDS equipment.  

• Computer simulations: 
o Mathematical phantoms of objects commonly found in suitcases were created and then 

packed into simulated bags. 
o Simulated projections were created for use by the researchers to develop their new 

reconstruction algorithms. 
o The simulated projections closely matched the medical scanner and hence simulations 

can be developed for future explosive detection equipment. 
• Process 

o Technology foraging in the medical imaging field benefited the security field. 
o Vendors expressed a desire to engage the researchers to develop improved 

reconstruction algorithms using vendor‐supplied data. 

The above results have the following benefits for industry, DHS and TSA. 
• Detection performance will be improved with advanced reconstruction algorithms. Further 

improvements in detection performance may be obtained through further improvements in the 
reconstruction algorithms, and by combining the best features of the algorithms developed for 
this project. The improvements may be a result of addressing additional sources of artifacts in 
CT images. 

• The development of lower‐cost scanners may be facilitated because the advanced 
reconstruction algorithms may allow for fewer projections and reduced power x‐ray sources. 

• Computer simulations will lower the cost and reduce the time for developing future explosive 
detection equipment including AIT, AT2 and cargo inspection. 

• Students trained in the security field will move into positions in industry and the national labs. 
• Researchers will continue to work with the vendors, DHS and TSA. 
• The public domain database will be used by future researchers leading to additional positive 

outcomes for DHS.  
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• Researchers presenting and publishing their work will increase the size of the community 
working on security problems. This should allow the scientific method2 to develop improved 
algorithms using the databases put into the public domain. 

• Additional problems relevant to the security field can be recast into non‐classified problems so 
that third parties develop technologies that can be transitioned to deployed equipment. 

All of this work followed the recommendations made by the participants at the workshops on Advanced 
Development for Security Applications (ADSA)3.  A program review was held at the end of the project so 
that the researchers could present their results to the incumbent vendors, DHS and other third‐parties.  
This should begin the process of the incumbent vendors integrating the new reconstruction algorithms 
into their products. 
 

DHS should consider funding additional research with industry and academia to continue improving the 
quality of advanced reconstruction algorithms and computer simulation tools for use by vendors and 
TSA.  ALERT should develop the next task order in coordination with the ADSA community. 

   

                                                            
2 http://en.wikipedia.org/wiki/Scientific_method
3 The ADSA final reports can be found at: https://myfiles.neu.edu/groups/ALERT/strategic_studies/ 
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3 Introduction	
The ALERT center of excellence received funding from DHS for a project entitled Reconstruction 
Advances in CT‐Based Object Detection Systems, which is also known as Task Order Three (TO3). The 
project addressed improving CT‐based explosive detection equipment by improving image quality using 
advanced reconstruction algorithms to reduce artifacts that may reduce the effectiveness of automated 
threat recognition algorithms.  
 
DHS has requirements for future explosives detection systems (EDS) that include increased probability 
of detection and decreased probability of false alarm for a larger set of objects and with reduced 
minimum masses. There are indications that these requirements for future EDS equipment may be 
difficult to achieve with the technologies presently deployed in the field. In order to resolve these issues, 
DHS has adopted the strategy of augmenting the capabilities and capacities of the incumbent vendors of 
EDS equipment with the involvement of third parties. For the sake of this project, third parties are 
defined as researchers from academia and industry other than the incumbent vendors. In the field, EDS 
scanners mostly perform automated threat recognition (ATR) on images. Therefore, it follows that 
improved image quality should lead to better ATR results. The goal of this project was to involve third 
parties in the development of advanced reconstruction algorithms that could eventually be deployed by 
vendors.  
 
The specific reconstruction algorithms that were developed to improve image quality were as follows. 

 Model‐based iterative reconstruction methods, such as total variation (TV), model‐based 
iterative reconstruction (MBIR) and the simultaneous image reconstruction technique (SIRT) 

 Pre‐processing of projection data, which is also known as sinogram restoration 
 Metal artifact removal (MAR) 
 Advanced filtered back‐projection (FBP)  
 Decomposition and reconstruction of dual‐‐energy projection data 
 Simultaneous reconstruction and segmentation 
 Material classification based on machine learning  

The algorithms were developed using scans of objects of interest on a many‐view medical CT scanner. 
This project was directed at artifact reduction and improved image quality which should lead to 
improved segmentation and object recognition.  All of this work followed the recommendations made 
by the participants at the workshops on Advanced Development for Security Applications (ADSA)4. 
 
The following work was done in order to facilitate the improvement of image quality: 

                                                            
4 The ADSA final reports can be found at: https://myfiles.neu.edu/groups/ALERT/strategic_studies/ 
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 Created a database of projection and image data corresponding to scans of objects of interest in 
the presence of various amounts of clutter. The scans were designed and produced to test 
specific aspects of the resulting reconstruction algorithms as were felt relevant to ATR. The 
database includes meta‐data that characterizes the scanner including the scanner geometry, x‐
ray optics, readout sequences and file formats. 

 Reconstructed images using filtered back‐projection that match the images obtained on the 
medical scanners were used to generate the database. These images were used to benchmark 
the resulting advanced reconstruction algorithms.    

 Refined existing CT simulation software including creation of standardized numerical phantoms 
of relevance to security applications. The simulations resulted in numerical phantoms and 
projection data that can be used to assess the performance of improved reconstruction 
algorithms. 

 Developed acceptance criteria for image quality based on segmentation algorithms. The criteria 
were used to measure the performance of the resulting reconstruction algorithms. The metrics 
obviated the development of ATR algorithms for each reconstruction algorithm. 

 Conducted a program review so that the researchers could present their results to the 
incumbent vendors, DHS and other third‐parties.  This may begin the process of the incumbent 
vendors integrating the new reconstruction algorithms into their products. 

The research was designed with the following outcomes for DHS. 
 Improved explosive detection performance of CT‐based EDS through the development of 

advanced reconstruction algorithms with improved image quality.  
 Increased involvement of third parties via the availability of common databases and tools in 

order to increase the work in reconstruction, and the number of students who can join the 
workforce of the vendors and DHS 

 Fostered closer collaboration between academics, national laboratory personnel and incumbent 
security industry vendors. 

The work was led by ALERT. The researchers for the projects comprised people both within and outside 
of the current group of people being supported by ALERT. Subject matter experts (SME) were assembled 
at various times to direct and review the progress of the projects.  

The purpose of this report is to present the following aspects of the project. 

1. Methods 
2. Results 
3. Discussion  
4. Recommendations for additional work 
5. Lessons learned 
6. Limitations of this project 
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4 Document	Layout	
This remainder of this report is organized as follows. 

 Section 5 presents methods. 
 Section 6 presents results. 
 Section 7 presents a discussion of the results including findings and recommendations for future 

work. 
 Section 8 lists the people who helped make this program a success. 
 Section 9 lists the project team. 
 Section 10 contains tables of acronyms and terms. 
 Section 11 contains supplemental material including the presentations made by the research 

groups at the program. 
 
Multiple terms have been used during this project for the same idea. For example, the following terms 
have been used to describe this project: program, project, grand challenge, challenge, reconstruction 
initiative and initiative. The variations of the terms are described in Section 10. For the most part, we 
tried to use only one version of each term in the body of this report. However, the different versions of 
the terms may be used in the supplemental material. 
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5 Methods	
 

5.1 Statement	of	Work	and	Researcher	Selection	
 A statement of work (SOW or requirement specification) was written for the various aspects of this 
project [Appendix XXIII]. The SOW divided the work into a number of tasks (also known as sub‐tasks). 
ALERT chose research groups to perform the tasks and created contractual relationships with the 
research groups as necessary. The breakdown of tasks and researchers is found in the following two 
tables. 
 

Reconstruction Algorithm Research 
Task  Performer  Institution 

Iterative reconstruction algorithms  Synho Do  Massachusetts General Hospital 
Iterative reconstruction algorithms  Jens Gregor  University of Tennessee 
Iterative reconstruction algorithms  Charlie Bouman 

Pengchong Jin 
Ken  Sauer 

Purdue University 
Purdue University 
Notre Dame University 

Pre‐processing algorithms  Patrick La Riviere  
Phillip Vargas 

University of Chicago 

Enhanced FBP  Frederic Noo 
Larry Zeng 
Dominic Heuscher 

University of Utah 

Metal artifact correction  Seemeen Karimi  University of California, San Diego 
Dual‐energy decomposition and 
reconstruction 

Eric Miller 
Brian Tracey 

Tufts University 

Dual‐energy decomposition and 
reconstruction 

Clem Karl 
Limor Martin 

Boston University 

 
Support Tasks 

Task  Performer  Institution 
Scanner simulations  Taly Gilat‐Schmidt  Marquette University 
Database Development – Packing and 
Scanning 

Doug Boyd 
Sam Song 

Telesecurity Sciences 

Database Development – Ground 
truth 

Rick Moore 
Alyssa White 

Massachusetts General Hospital 

Filtered back‐projection 
implementation 

Patrick La Riviere  
Phillip Vargas 

University of Chicago 

Metrics, ground truth and image 
evaluation 

David Wiley 
Deb Ghosh 

Stratovan 

 
A number of people were not funded to work on the project, but were given access to the projection 
data and meta‐data. These people are denoted unfunded participants. A list of unfunded participants 
can be found in the following table. 
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Performer  Institution 
Fernando Quivira  Massachusetts General Hospital 
Marc Kachelrieß  German Cancer Research Center  
Jonathan Kerner   Rapiscan 
Adel Slamani  MHA Technologies 
Jun Zhang  University of Wisconsin, Milwaukee 
 
Only Jun Zhang presented results at the program review. He did not supply a final report. 
 
LLNL was funded directly by DHS to support this project under the leadership of Harry Martz. Jeff 
Kallman from LLNL presented his work at the program review on the application of clouds to scans of 
explosives on a deployed EDS at the program review. He also did not supply a final report. 

5.2 Database	Creation	
A requirement specification was written for the CT scanner that had to be used for this project 
[Appendix XL]. The key points of the specification were: 

1. The IQ of the scanner shall be comparable to deployed EDS scanners. 
2. All data (projection, images and meta‐data) shall be put in the public domain5. 
3. Sufficient meta‐data shall be supplied so that code can be written to reconstruct images that 

closely match online reconstructions. 
 
The Imatron C‐300 was chosen as the scanner for the project.  
 
The following objects of interest were chosen for the researchers to evaluate.  

1. Water 
2. Saline with varied concentrations  
3. Rubber sheets 
4. Glass + plastic beads 

 
These materials were chosen to be a set of reproducible objects. Other clutter objects were also 
scanned as well as calibration objects. The beads were later dropped from consideration because the CT 
values of the glass were clipped in the reconstructed images. 
 
A specification was written for packing and scanning bags [Appendix XLIII].  
 
A database was created of the following items. 

1. Projection data (raw and corrected) and images. 
2. Meta‐data including scanner geometry and file formats. 
3. Maps of objects in the CT scans known as ground truth data. 

                                                            
5 Sensitive information (e.g., SSI) cannot be contained in publications using this data. A process denoted REAP is 
applied to all publications before they are released into the public domain. 
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4. Descriptions of the items themselves and how they were packed. 
 
Some of the details of the database were added to the scanning requirement specification [Appendix 
XLIII].  
 
The database was hosted at a SFTP site at Boston University. Access was granted to researchers after 
they signed a confidentiality disclosure agreement (CDA). The SFTP site controls individual user access 
and is backed up by Boston University. Researchers interested in obtaining access to the data should 
contact ALERT through ALERT’s website6. 

5.3 Algorithm	Development	

5.3.1 Overview	
The research teams developed their reconstruction algorithms over a period of approximately twelve 
months. During this period of time, the following support activities took place. 

1. The research teams were mentored by the SMEs. 
2. A kickoff meeting, via a telephone conference, was held [Appendix XXII]. 
3. Monthly status meetings, via a telephone conference, were conducted. 
4. A review was held in conjunction with ADSA08 [Appendix XXXVI – Appendix XXXIX]. 
5. Datasets and specifications were updated in part due to feedback from the researchers. 

5.3.2 Reconstruction	Algorithm	Development	
The researchers were asked to develop algorithms that led to improved image quality (IQ). In particular 
they were asked to address the artifacts noted in Section 5.1 of the document cited in Appendix XXIII of 
this report. The researchers were told that streaks caused by the presence of metal and blurring were 
the two most important topics to address. 

5.3.3 Simulations	
The main purpose of the simulations was to provide projection data from known objects to reduce the 
time required to develop new reconstruction algorithms. A secondary purpose was to provide 
standardized mathematical phantoms so that reconstruction algorithms could be compared in the 
future. 

5.3.4 Matching	Imatron	Reconstructions	
The purpose of this task was to assure that sufficient information (meta‐data) were available to 
reconstruct the projection data from the Imatron.  This assurance was done by writing filtered back‐
projection (FBP) code that resulted in images that match the online images produced by the Imatron. 

5.3.5 Metrics	
The purpose of the metrics was to obviate developing ATRs for each new reconstruction algorithm. The 
general idea was to determine features based on images that would be used by an ATR to determine PD 

                                                            
6 http://www.northeastern.edu/alert/transitioning-technology/alert-datasets/
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and PFA. The main idea was to create clouds of features and show that the clouds shrink with improved 
reconstructions algorithms. The features are extracted from multiple scans of the same object (e.g., 
water, saline and rubber) scanned in different containers (e.g., plastic, glass and metal) and different 
amounts of clutter (low, medium and high). The idea was that if the clouds are more compact, PFA can 
be reduced for a given PD. Clouds are depicted in the following figure7. 
 

 
 
The stars show the features for object scanned in isolation. For example, if the object is water and the 
feature is density, then the value of the feature is 1 g/cc.  The red dots show the values of the feature 
when the object is scanned in different containers and with different amounts of clutter. The red dots 
do not align with the star because of artifacts in CT images, due to material variations and due to issues 
with object segmentation.  False alarms occur when the yellow circle overlaps the blue circle, which 
shows the features for objects that are not of interest. If the CT artifacts are reduced, then the area of 
the yellow circle should be reduced, which reduces or eliminates the overlap with the blue circle. 
 
The following images8 demonstrate different amounts of CT artifacts in the presence of different 
amounts of clutter. The main artifact seen in these images are streaks passing through the circular cross‐
sections of bottles of saline and water. 
 

                                                            
7 This figure was adapted from a figure presented by Jeff Kallman at an ADSA workshop. 
8 Figures were taken from the report cited in Appendix XXVII. 
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5.4 Program	Review	
A program review was held on October 24, 2013.  The following is a list of the topics discussed during 
the symposium. 

1. Project overview  
2. Presentations from the funded researcher groups, from one unfunded participant and from one 

researcher from LLNL 
3. Recommendations for next steps 
4. Feedback from attendees 

 
The presentations corresponding to these topics can be found at the end of this report [Appendix IV – 
Appendix XIX]. The presentations were made on a subset of the database [Appendix XLII]. 

5.5 Final	reports	
The researcher groups described their work in final reports [Appendix XXIV – Appendix XXXV]. 

5.6 Subject	Matter	Experts	
The following people were chosen by ALERT to be subject matter experts (SME). 

1. Carl Crawford, Csuptwo 
2. Clem Karl, Boston University 
3. Harry Martz, Lawrence Livermore National Laboratory 

 
The responsibilities of the SMEs were as follows. 

1. Provide technical assistance to program leadership 
2. Review datasets that were used by the research groups 
3. Mentor the research groups 
4. Organize and moderate the program review 
5. Write this final report 

 

Clean Medium Clutter High Clutter
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The SMEs were chosen based on their varied experience in the CT field and no conflicts of interest with 
potential researchers.  Any previous relationships with traditional EDS vendors was considered to be 
beneficial and not a conflict of interest for this project. 
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6 Results	

6.1 Overview	
• Image quality improvement: 

o New reconstruction algorithms were developed to improve the image quality (IQ) of CT 
scans of objects of interest in the presence of various amounts of clutter. In particular, 
the algorithms demonstrated reduced streaking artifacts caused by the presence of 
metal and improved the contrast between objects.  

o The new algorithms are based on iterative reconstruction, sinogram processing, 
enhancements to filtered back‐projection (FBP), pre‐reconstruction dual‐energy 
decomposition and simultaneous reconstruction/segmentation. 

o The improved IQ can be obtained using both single‐ and dual‐energy scans.  
o The IQ improvements may be achieved with computationally inexpensive modifications 

to the analytic reconstruction algorithms presently used on all deployed EDS equipment. 
Additional improvements in IQ may necessitate more computationally expensive 
reconstruction algorithms. 

• Explosive detection improvement: 
o Metrics were developed based on multi‐dimensional plots of object features, which are 

also known as clouds, to assess the impact on detection performance. The features 
were extracted from scans of the same object in different containers and in different 
amounts of clutter. This cloud‐based evaluation obviated complete ATR development 
for each new reconstruction algorithm. 

o The metrics, when applied to the data from the medical CT scanner using the 
reconstruction algorithms developed by the researchers, showed that detection 
performance will be improved because the features extracted from the OOIs have 
greater repeatability in a variety of contexts, in part because of reduced streak artifacts 
and increased contrast between objects.  

o Combined reconstruction and segmentation algorithms have the potential to further 
improve detection performance.  

• Databases: 
o A publically available database of projection data, images and meta‐data together has 

been created for future research into reconstruction and ATR algorithms. Meta‐data 
characterizes the scanner geometry, x‐ray optics, readout sequences and file formats. 

o The scans of the OOIs on a medical scanner are representative of the images generated 
by deployed EDS equipment.  

• Computer simulations: 
o Mathematical phantoms of objects commonly found in suitcases were created and then 

packed into simulated bags. 
o Simulated projections were created for use by the researchers to develop their new 

reconstruction algorithms. 
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o The simulated projections closely matched the medical scanner and hence simulations 
can be developed for future explosive detection equipment. 

• Process 
o Technology foraging in the medical imaging field benefited the security field. 

Vendors expressed a desire to engage the researchers to develop improved reconstruction 
algorithms using vendor‐supplied data. 

6.2 Details	
• The database is described in Appendix XXVII and Appendix XLIII. 
• The details of the new reconstruction algorithms for single energy data can be found in 

Appendices XXV, XXVI, XXVIII, XXXI and XXXII. 
• The details of the new reconstruction algorithms for dual energy data can be found in 

Appendices XXX and XXXIII. 
• Additional details on metrics can be found in Appendix XXXV. 
• Additional details on clouds can be found in Appendix I. 
• The matching of Imatron images to FBP is described in Appendix XXIX. 
• The agenda, questionnaire results and the presentations form the program review can be found 

in Appendix II – Appendix XXI. 
• Details on combining segmentation and reconstruction (i.e., presentation from the unfunded 

participant) can be found in Appendix XIX. 
• Details on the presentation from LLNL on the use of clouds on scans of real explosives can be 

found in Appendix XI. 
• Details on the simulations can be found in Appendix XXXIII. 
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7 Discussion	

7.1 Benefits	for	DHS	
These results have the following benefits for DHS. 

• Detection performance will be improved with advanced reconstruction algorithms. Further 
improvements in detection performance may be obtained through further improvements in the 
reconstruction algorithms, and by combining the best features of the algorithms developed for 
this project. The improvements may be a result of addressing additional sources of artifacts in 
CT images. 

• The development of lower‐cost scanners may be facilitated because the advanced 
reconstruction algorithms may allow for fewer projections and reduced power x‐ray sources. 

• Computer simulations will lower the cost and reduce the time for developing future explosive 
detection equipment including AIT, AT2 and cargo inspection. 

• Students trained in the security field will move into positions in industry and the national labs. 
• Researchers will continue to work with the vendors, DHS and TSA. 
• The public domain database will be used by future researchers leading to additional positive 

outcomes for DHS.  
• Researchers presenting and publishing their work will increase the size of the community 

working on security problems. This should allow the scientific method9 to develop improved 
algorithms using the databases put into the public domain. 

• Additional problems relevant to the security field can be recast into non‐classified problems so 
that third parties develop technologies that can be transitioned to deployed equipment. 

7.2 Limitations		
• The potential (kV) used for the high‐energy projections was lower than what is found in 

deployed EDS equipment. Even so, the IQ of the Imatron scanners was qualitatively similar to 
the IQ from the deployed equipment. 

• The difference in potentials (kV) for the dual energy data was smaller than the difference for 
deployed EDA equipment using dual energy. This resulted in data that was more difficult to 
decompose into basis series expansions. 

• Vendors have indicated at ADSA workshops that they use more than mass and density as 
features in their ATRs. Therefore, it is possible that the features used to create the clouds used 
herein are not representative of actual results of certification testing at the TSL. There is some 
indication that mass and density are the primary features and therefore the clouds should 
predict detection performance.  

• The glass beads were problematic and therefore tests were not performed on the new 
reconstruction algorithms to determine if texture was preserved. Then again, it is not clear how 
important texture is as a feature in an ATR. 

                                                            
9 http://en.wikipedia.org/wiki/Scientific_method
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• The object philosophy issue, as first described in the final report for the segmentation project10, 
was present again in this project. Stacks of rubber sheets were present in the database and used 
for metrics. An issue arose on whether the stack was one object or a set of objects for each slice. 
This issue led to issues with the clouds for sheets. 

• Metrics (such as MTF and SSP) should have been reported for scans of the NIST image quality 
phantom. 

• More scans of the OOIs should have been taken in order to improve the statistical significance of 
the results. 

• The metrics need to be improved for dual energy scans. The segmentation algorithms had 
problems with both the Compton and photoelectric images. 

• Computational expense, even though it was out of scope for this project, should have been 
discussed. 

• Using 3D cone‐beam projections may have led to additional improvements in IQ. 
• The effect of the improve image quality on secondary inspection, which is known as on‐screen 

resolution (OSR), was not assessed. 

7.3 Lessons	Learned	
• The quality of the database was a key to the success of this project. Recommendations for 

future improvements to the database can be found in Appendix XLI. 
• There should be more time between the program review and the end of the project so that 

researchers have time to address the comments provided by the attendees. 
• The simulations should have been completed earlier in the process or the researchers should 

have started development on new reconstruction algorithms later in the schedule. This would 
have allowed the researchers more access to simulated data to test their algorithms. 

• More time should be allocated at program reviews for discussion. 

7.4 Recommendations	for	Future	Work	
The following are areas identified by researchers and industry for additional research. 

• Continued development of advanced reconstruction algorithms as follows. 
o Reducing computational expense.  
o Combining different types of reconstruction algorithms. 
o Developing reconstruction algorithms for few‐view (<100) CT scanners. 
o Developing reconstruction algorithms for equipment based on x‐ray back‐scatter (XBS), 

x‐ray diffraction (XRD), photon counting, spectral CT and millimeter wave imaging 
(MMW). 

o Exploring image processing algorithms to achieve IQ improvements instead of advanced 
reconstruction algorithms. 

o Developing reconstruction algorithms for targeted regions in a bag. 
• Continued development of computer simulation tools as follows: 

                                                            
10 https://myfiles.neu.edu/groups/ALERT/strategic_studies/SegmentationInitiativeFinalReport.pdf
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o Tools that can be extended to different types of object representation, to different 
scanning geometries, and to other modes of object interrogation including x‐ray back 
scatter (XBS), x‐ray diffraction (XRD), millimeter wave imaging (MMQ) and spectral 
imaging. 

o Develop bag and cargo packing algorithms so that standardized data sets can be created 
to develop reconstruction and ATR algorithms, and to compare the emerging 
algorithms. 

o Simulate humans with non‐divested objects to emulate AIT equipment. 
o Evaluate the use of simulated images for reducing the risk when developing and testing 

scanners. 
• Expanding the present database and developing new databases as follows: 

o Scanning stream of commerce data using a medical CT scanner. 
o Scanning cargo and humans with equipment that allows distribution of data and 

associated scanner models into the public domain. 
o Refining problem statements for data collection, in part using inputs provided by 

vendors. 
• Proving that the metrics are correlated with certification tests conducted by DHS. 
• Improving the packaging of the publically available database to reduce the effort required for 

future researchers to access the data. 
• Involving the national laboratories to assess the improved reconstruction algorithms on 

classified data from scans of explosives from deployed scanners. 
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10 Definitions	

10.1 Acronyms		
2D  Two‐dimensional 
3D  Three‐dimensional 
ADSA  Algorithm Development for Security Applications 
ADSA01  First ADSA workshop on the check‐point application 
ADSA02  Second ADSA workshop on the grand challenge for CT segmentation 
ADSA03  Third ADSA workshop on whole body imaging (AIT, advanced imaging technology) 
ADSA04  Fourth ADSA workshop on advanced reconstruction algorithms for CT‐based EDS 
ADSA05  Fifth ADSA workshop on fusing orthogonal technologies 
ADSA06  Sixth ADSA workshop on specific applications of fusing orthogonal technologies 
ADSA07  Seventh ADSA workshop on accelerating development and deployment of  advanced 

reconstruction algorithms for CT‐based EDS 
ADSA08  Eighth ADSA workshop entitled Automated Threat Recognition (ATR) Algorithms for 

Explosion Detection Systems 
ADSA09  Ninth ADSA workshop entitled New Methods for Explosive Detection for Aviation 

Security 
AIT  Advanced imaging technology. Technology for finding objects of interest on passengers. 

WBI is a deprecated synonym.  
ALERT  Awareness and Localization of Explosives‐Related Threats,  

A Department of Homeland Security Center of Excellence at NEU 
AT2  Advanced Technology Two. A DHS designation for scanners that are improved relative to 

single view line scanners. 
ATR  Automated threat recognition 
BU  Boston University 
CDA  Confidentiality disclosure agreement. A synonym of a NDA. 
COE  Center of excellence, a DHS designation 
CS  Compressed sensing 
CT  Computerized tomography 
DAS  Data acquisition system 
DE  Domain expert. SME is the preferred term. 
DE  Dual energy 
DECT  Dual‐energy CT. Multi‐energy CT (MECT) is a synonym. 
DHS  Department of Homeland Security 
EDS  Explosives detection system. An EDS is composed of a CT scanner, an ATR algorithm, and 

a baggage viewing workstation. 
EXD  Explosive Division of DHS Science and Technology Directorate 
FA  False alarm 
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FBP  Filtered back‐projection 
HME  Homemade object 
HU  Hounsfield Unit (air=‐1024, water=0) 
IQ  Image quality 
IRT  Iterative reconstruction technique  
LAC  Linear attenuation coefficient 
LLNL  Lawrence Livermore National Laboratory 
MAR  Metal artifact correction 
MBIR  Model based iterative reconstruction 
MECT  Multi‐energy CT. DECT is a synonym. 
MHU  Modified Hounsfield Unit (air=0, water=1024) 
MMW  Millimeter wave. A type of AIT. 
MTF  Modulation transfer function 
NDA  Non‐disclosure agreement 
NEU  Northeastern University 
NIST  National Institute of Standards and Technology 
OOI  Object of interest 
OSR  On‐screen resolution 
OUP  Office of University Programs – department at DHS S&T 
PD  Probability of detection 
PFA  Probability of false alarm 
PI  Principal investigator. A researcher is a synonym for PI. 
PR  Program review 
REAP  Research Evaluation and Advisory Panel. A review process ALERT uses to assure that 

sensitive material is not contained in publications. 
SD  Standard deviation 
SE  Single energy 
SETA  Systems Engineering and Technical Assistance 
SFTP  Secure file transfer protocol (SFTP) 
SI  Segmentation Initiative 
SIRT  Simultaneous image reconstruction technique 
SME  Subject matter expert. DE is a deprecated synonym. 
SNR  Signal to noise ratio 
SOW  Statement of work 
SSI  Sensitive security information 
SSP  Slice sensitivity profile 
TBD  To be determined 
TO3  Task order three. Another name for this project – the reconstruction initiative. 
TO4  Task order four. Another name for the ATR project. 
TQ  Threat quantity. Minimum mass required by the TSA for detection. 
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TSA  Transportation Security Administration 
TSL  Transportation Security Laboratory 
TV  Total variation 
XBS  X‐ray backscatter. A type of AIT. 
XRD  X‐ray diffraction 
 

10.2 Terms	
Algorithm  The mathematical steps (or recipe) used to perform a defined problem. This 

definition does not include computer code. However, when stated below that 
an algorithm is a deliverable, the deliverable includes a written description of 
the algorithms along with source code. 

Artifacts  Defects in images such as blurring, streaks, cupping, dishing and noise 
Certification  A test run at the TSL on checked baggage inspection systems. 
Cloud  A multidimensional plot of features for scans of an object in different 

containers and in different amounts of clutter. 
Corrected data  Raw data (projections) after being corrected for scanner and object 

imperfections, and the logarithm taken. 
Correction  A synonym for pre‐processing. 
Decomposition  Process of using multiple projection sets or images obtained with different x‐

ray spectra to develop multiple variables for ATR. 
Feature  A characteristic of an object used by an ATR. Examples of features include 

mass, density and standard deviation. 
Incumbent vendor  A company developing EDS equipment. The equipment may or may not be 

deployed in the airports in the United States. The list of incumbent vendors 
includes L‐3 Communications, Reveal Detection, Morpho Detection, Analogic, 
Rapiscan, Smiths and SureScan. 

Inversion  The reconstruction step converting corrected data to reconstructed images. 
Inversion may be FBP or iterative reconstruction. 

Meta‐data  Data required to reconstruct projections from a scanner. Examples of meta‐
data include geometric information, readout sequences and file formats. 

Object  Items that need to be detected by an ODS.  
Phantoms  A numerical description of the contents of a bag. Or, a physical piece of 

luggage containing known geometric shapes. 
Post‐processing  Image processing that takes place on reconstructed images after the inversion 

step of reconstruction 
Pre‐processing  The reconstruction step converting raw data to corrected data. 
Projection data  Collections of line‐integrals of objects. 
Raw data  Projection data directly from the DAS. 
Reconstruction  Generation of images from raw data. Reconstruction includes the steps of 

pre‐processing, inversion and post‐processing. The resulting images are 
denoted reconstructed images. 

Researcher  A performer for projects described in this project. A principal researcher is the 
leader of researchers on a specific project. 

Segmentation  A step that may be present in an ATR to find the pixels that comprise an 
object in a scan of a bag. 
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Shield  The condition when the EDS or ODS cannot view a portion of a bag because 
the x‐ray beam is extinguished of the presence of clutter. 

Sinogram data  A synonym for projection data. 
Spectral CT  CT scanning with a detector having three or more energy bins. 
Task  A project that is performed as part of this task order. This is a synonym for 

sub‐task. 
Task order  The DHS term for this type of project. 
Third‐party  A person not working for an incumbent vendor. In this project, a third‐party 

works in academia or in industry other than the incumbent vendors 
Unfunded participant  A researcher who did not receiving funding from ALERT but was allowed use 

the database and present at the program review. 
xrec  The Imatron off‐line reconstruction program. 
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11 Supplemental	Material	in	the	Appendices	
The supplemental material listed in the following subsections will be available in appendices to the 
monograph of this report which will be made available in early 2014. 
  
Note that all of the images shown in the supplemental material were obtained from scans on a 
commercial medical scanner. Explosives and explosive simulants were not scanned. Scans were not 
obtained on security scanners. 

Appendix	I	 	 Metrics	
“Cloud Generation for Reconstruction Project” 

Appendix	II		 Program	Review:	Agenda	
 “Agenda ‐ CT‐EDS Reconstruction Initiative (Task Order 3) Program Review” 

Appendix	III	 Program	Review:	Attendee	List	
“Attendee List ‐ CT‐EDS Reconstruction Initiative (Task Order 3) Program Review” 

Appendix	IV	 Program	Review	Presentations:	Crawford	
“Reconstruction Project: Project Overview” 

Appendix	V		 Program	Review	Presentations:	Karl	
“The TO3 Data Resource: An Open Resource for CT Algorithm Development for Security” 

Appendix	VI	 Program	Review	Presentations:	La	Reiviere	
“Characterizing the Imatron C‐300 Medical CT scanner and effort to develop matched FBP” 

Appendix	VII	 Program	Review	Presentations:	Gilat‐Schmidt	
“Simulation Task” 

Appendix	VIII	 Program	Review	Presentations:	Gregor	
“ALERT Task Order 3: Iterative Reconstruction using SIRT” 

Appendix	IX	 Program	Review	Presentations:	Sauer	
“Model‐Based Iterative Reconstruction for CT Luggage Screening” 

Appendix	X		 Program	Review	Presentations:	Do	
“Sinogram‐Sparsified Metal Artifact Reduction Technique (SSMART)” 

Appendix	XI	 Program	Review	Presentations:	Kallman	
“Feature Space Cloud Shrinkage by Iterative Reconstruction” 
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Appendix	XII	 Program	Review	Presentations:	Karimi	
“Metal Artifact Reduction in CT‐based Luggage Screening” 

Appendix	XIII	 Program	Review	Presentations:	LaReiviere	
“ALERT Reconstruction Initiative TO#3: Sinogram processing” 

Appendix	XIV	 Program	Review	Presentations:	Zeng	
“Advanced Filtered Backprojection” 

Appendix	XV	 Program	Review	Presentations:	Martin	
“Structure‐Preserving Dual‐Energy CT (SPDE)” 

Appendix	XVI	 Program	Review	Presentations:	Tracey	
“Stabilized Reconstruction and Materials Identification for Dual‐energy CT” 

Appendix	XVII	 Program	Review	Presentations:	Wiley	
“T03 Results Assessment” 

Appendix	XVIII	 Program	Review	Presentations:	Karl	
“Discussion & Next Steps” 

Appendix	XIX	 Program	Review	Presentations:	Zhang	
“Simultaneous Iterative Reconstruction and Segmentation” 

Appendix	XX	 Program	Review	Questionnaire:	Questions	
“Reconstruction Project – Program Review Questionnaire” 

Appendix	XXI	 Program	Review	Questionnaire:	Results	
“Task Order 3 Program Review – Questionnaire – SurveyMonkey” 

Appendix	XXII	 Programmatic:	Kickoff	Presentation	
“Reconstruction Project Kickoff Meeting” 

Appendix	XXIII	 Programmatic:	Statement	of	Work	
“Statement of Work ‐ Research and Development of Reconstruction Advances in CT‐Based Object 
Detection Systems Project – Task Order 3” 

Appendix	XXIV	 Researcher	Final	Reports:	Do	
“Sinogram‐Sparsified Metal Artifact Reduction Technique (SSMART)” 

Appendix	XXV	 Researcher	Final	Reports:	Gregor	
“ALERT Task Order 3: Final Report Iterative Reconstruction using SIRT” 

Appendix	XXVI	 Researcher	Final	Reports:	Karimi	
“Metal Artifact Reduction for CT‐based Luggage Screening” 
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Appendix	XXVII	 Researcher	Final	Reports:	Karl	
“TO3 Data Resource: An Open Resource for CT Algorithm Development for Security” 

Appendix	XXVIII	 Researcher	Final	Reports:	La	Riviere	–	Algorithm	
“Final report ALERT Task Order 3 ‐ Task: Sinogram processing” 

Appendix	XXIX	 Researcher	Final	Reports:	La	Riviere	–	Data	
“Final report ALERT Task Order 3 ‐ Task: Characterizing the Imatron C‐300 Medical CT scanner and effort 
to develop matched FBP” 

Appendix	XXX	 Researcher	Final	Reports:	Martin	
“Structure Preserving Dual‐Energy CT for Luggage Screening” 

Appendix	XXXI	 Researcher	Final	Reports:	Noo	
“ALERT: Task order 3 ‐ FBP advances ‐ Final report” 

Appendix	XXXII	 Researcher	Final	Reports:	Sauer	
“TO#3: Model‐Based Iterative Reconstruction for CT Luggage Screening” 

Appendix	XXXIII	 Researcher	Final	Reports:	Gilat‐Schmidt	
“Final Report:  Task Order 3 Simulation Task” 

Appendix	XXXIV	 Researcher	Final	Reports:	Tracey	
“Iterative Reconstruction for Dual‐Energy CT Luggage Screening: Tufts University Final Report ‐ ALERT 
Task Order 3” 

Appendix	XXXV	 Researcher	Final	Reports:	Wiley	
“Quantitative Image‐Quality Assessment for CT Image Reconstruction ‐ T03 Final Report” 

Appendix	XXXVI	 Review	at	ADSA08:	Crawford	
“Reconstruction Project* Review Meeting at ADSA08” 

Appendix	XXXVII	 Review	at	ADSA08:	Gilat‐Schmidt	
“Update on Simulation Software Effort” 

Appendix	XXXVIII	Review	at	ADSA08:	Wiley	
“TO3 Metrics” 

Appendix	XXXIX	 Review	at	ADSA08:	LaRiviere	
“Working with the Imatron data” 

Appendix	XL	 Scanning:	Data	Requirements	
“Data Requirements for TO3” 
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Appendix	XLI	 Scanning:	Lessons	Learned	
“Lessons Learned from Collecting Data for the Reconstruction and ATR Projects” 

Appendix	XLII	 Scanning:	Slice	Selection	
“TO3 Material Slices” 

Appendix	XLIII	 Scanning:	Scanning	Specification	
“Scanning Requirement Specification for the ALERT Reconstruction Initiative (Task Order 3)” 
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Cloud Generation for Reconstruction Project 

 

Assume there are N CT slices (2D), Ci, where i=1,2,….N, of a given material (e.g., water, saline or rubber). 
For the sake of brevity, the subscript i is not repeated.  The variable C is a matrix or vector. The images, 
C, can either be the Xrec (FBP) images, X, or the researcher images, R.  

The functions for creating binary masks of image, C, which show the set of pixels for a scan of a material, 
are as follows. 

1. K(C): Cookie‐cutter masks, which are generated manually or semi‐automatically by Stratovan. 
These are considered to be the ground truth (gold standard) for this project. 

2. T(C): Tumbler masks, which are generated by Stratovan’s segmentation methods adapted for 
the Segmentation Initiative. 

3. L(C): Connected components labeling (CCL)  
4. G(C): Region growing using the seed equal to the center of mass of K(C). 

The density for C and a mask J, D(C, J), is defined to be (C .dot. J)/Pix(J), where Pix(J) is the number of 
non‐zero pixels in J and where .dot. is the dot‐product. 

The area metric for two masks is A(J1,J2), where J1 and J2 are two masks, is defined as (Pix(J1)‐
Pix(J2))/Pix(J2). 

The point functions, Point1(x), Point2(x,y), create a points in 1D and 2D space, respectively, at the 
specified locations. 

The first set of clouds is one‐dimensional with 

1. Point1(D(C,K(X)))  

The second set of clouds is two‐dimensional with one of the following three functions 

1. Point2(D(C,T(X)),A(T(C),K(X)) 
2. Point2(D(C,L(X)),A(L(C),K(X)) 
3. Point2(D(C,G(X)),A(G(C),K(X)) 

These clouds are repeated for the X and R images and for each material type. 

For the 1D clouds, the range of the data (maximum – minimum) should be calculated and compared 
between the xrec and researcher images. 

For the 2D clouds, the area of a function surrounding the clouds should be calculated and compared 
between the xrec and researcher images. The function may exclude up to 10% of outlying points. 

Notes: 

Appendix I  Metrics
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1. The max‐min values for the axes should be the same for the plots of X and R. 
2. The mean values of the densities, D(), may be normalized for X and R so that the range of the 

axes are the same, 

 

 

1. Add point1 and point2 
2. Different plots for xrec, R, different for each object type 
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Appendix II  Program Review: Agenda

Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
 

CT-EDS Reconstruction Initiative (Task Order 3) Program Review 

October 24, 2013 

240 Egan Research Center, Raytheon Amphitheater 
Northeastern University, Boston, MA 

AGENDA 
 

October 24, 2013 

Time Topic Speaker Affiliation 

7:30 AM Registration/Continental Breakfast 

 

  

8:00 AM Welcoming Remarks - ALERT Michael Silevitch ALERT/Northeastern University 

8:05 AM Welcoming Remarks – DHS Laura Parker DHS 

8:10 AM Project Overview Carl Crawford Csuptwo 

8:40 AM CT Dataset Clem Karl Boston University 

8:50 AM Imatron Scanner Model Patrick La Riviere 
Phillip Vargas 

University Chicago  

9:00 AM Simulation Taly Gilat-Schmidt Marquette University 

9:35 AM Break   

10:05 AM Iterative Reconstruction and Introduction 
to Feature Clouds 

Jens Gregor University of Tennessee 

10:45 AM Iterative Reconstruction Charlie Bouman 
Ken Sauer 
Pengchong Jin 
Jordan Kisner  

Purdue University 
Notre Dame University 
Purdue University 

11:20 AM Iterative Reconstruction Synho Do MGH 

11:55 AM Lunch   

12:25 PM Iterative Reconstruction Jeffrey Kallman 
Harry Martz 

Lawrence Livermore National Laboratory 

12:30 PM Metal Artifact Reduction Seemeen Karimi 
Harry Martz 
Pamela Cosman 

University of California, San Diego 
Lawrence Livermore National Laboratory 
University of California, San Diego 

1:05 PM Sinogram Processing Patrick La Riviere 
Phillip Vargas 

University Chicago  

1:40 PM Advanced Filtered Back-Projection Larry Zeng 
Frederic Noo 
Dominic Heuscher 

University of Utah  
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Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
 

Time Topic Speaker Affiliation 

2:15 PM Break   

2:45 PM 

 

Dual Energy Reconstruction Limor Martin 
Clem Karl 

Boston University  

3:20 PM Dual Energy Reconstruction Brian Tracey 
Eric Miller 

Tufts University 

3:55 PM Metrics Deb Ghosh 
David Wiley  

Stratovan 

4:30 PM Discussion, Next Steps Carl Crawford 
Clem Karl 
Harry Martz 

Csuptwo 
Boston University  
Lawrence Livermore National Laboratory 

5:20 PM Closing Remarks – DHS Laura Parker DHS 

5:25 PM Closing Remarks – ALERT Michael Silevitch ALERT/Northeastern University 

5:30 PM Adjourn   
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Appendix III  Program Review: Attendee List

Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
 

CT-EDS Reconstruction Initiative (Task Order 3) Program Review 

October 24, 2013 

Raytheon, Egan Research Center, Northeastern University, Boston, MA 

Attendee List 
NAME  AFFILIATION 

Yuri Alvarez Northeastern University 

Timothy Ashenfelter Department of Homeland Security 

Kumar Babu Ccuneus Solutions, LLC 

Rolan Bangalan Transportation Security Administration 

Douglas Bauer University of Connecticut 

John Beaty Northeastern University 

Moritz Beckmann XinRay Systems, LLC 

Deanna Beirne Northeastern University 

Ralf Birken Northeastern University 

Carl Bosch SureScan 

Charles Bouman Purdue University 

Emel Bulat Northeastern University 

Ben Cantwell Kromek 

David Castañón Boston University 

Ke Chen Boston University 

Charles Choi General Dynamics AIS 

Carl Crawford Csuptwo 

Synho Do Massachusetts General Hospital 

Deniz Erdogmus Northeastern University 

Adam Erlich Block Engineering, LLC 

Dolan Falconer ScanTechIBS 

Andrew Foland L-3 Communications 

Raymond Fu Northeastern University 

Laura Gauthier SAIC 

Stan German Charles River Analytics, Inc. 

Galia Ghazi Northeastern University 
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Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
NAME  AFFILIATION 

Taly Gilat-Schmidt Marquette University 

Seda Gokoglu Northeastern University 

Brian Gonzales XinRay Systems, LLC 

Borja Gonzalez-Valdes Northeastern University 

Chris Green ScanTechIBS 

Jens Gregor University of Tennessee 

Chris Gregory Smiths Detection 

Craig Gruber Northeastern University 

Jeffrey Hamel IDSS 

Gerard Hanley Rapiscan Systems 

Peter Harris Yankee Foxtrot, Inc. 

Martin Hartick Smiths Heimann 

Dominic Heuscher University of Utah 

Kristin Hicks Northeastern University 

Matt Higger Northeastern University 

Harrison Hong SAIC 

Theresa Incampo Northeastern University 

Jean Johnson National Electrical Manufacturers Association (NEMA) 

Olof Johnson Photo Detection System, Inc. 

Krzysztof Kamieniecki Passport Systems, Inc. 

Seemeen Karimi University of California at San Diego 

Clem Karl Boston University 

Robert Klueg Department of Homeland Security 

Steve Korbly Passport Systems, Inc. 

Shiva Kumar Rapiscan Labratories, Inc. 

Patrick La Riviere University of Chicago 

Piero Landolfi Morpho Detection 

Felix Liu Rapiscan Systems 

Christina Love Department of Homeland Security 

Limor Martin Boston University 

Jose Angel Martinez-Lorenzo Northeastern University 
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Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
NAME  AFFILIATION 

Harry Martz Lawrence Livermore National Laboratory 

Harry Massey National Electrical Manufacturers Association (NEMA) 

Michael Massey Beth Israel Deaconess Medical Center 

Matthew Merzbacher Morpho Detection 

Assaf Mesika SureScan 

Eric Miller Tufts University 

Richard Moore Massachusetts General Hospital 

Edward Morton Rapiscan Systems 

Joseph Novak NanoEngineering Corporation 

John O'Connor Analogic Corporation 

Boris Oreper L-3 Communications 

Jonathan Pai Smiths Detection 

Laura Parker Department of Homeland Security 

Julia Pavlovich Analogic Corporation 

Douglas Pearl Inzight Consulting 

David Perticone L-3 Communications 

Alicia Pettibone Department of Homeland Security 

Homer Pien Philips Research 

Simon Pongratz L-3 Communications 

Charles Powell NanoEngineering Corporation 

Fernando Quivira Northeastern University 

Carey Rappaport Northeastern University 

Yolanda Rodriguez-Vaqueiro Northeastern University 

David Rundle Kromek 

Ken Sauer University of Notre Dame 

David Schafer Analogic Corporation 

Jean-Pierre Schott JP SCHOTT, LLC 

Larry Schultz Los Alamos National Laboratory 

Robert Shuchatowitz Reveal Imaging Technologies, Inc. 

Michael Silevitch Northeastern University 

Sergey Simanovsky Analogic Corporation 
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Awareness and Localization of Explosives-Related Threats (ALERT) 
A Department of Homeland Security Center of Excellence 

 
NAME  AFFILIATION 

Sondre Skatter Morpho Detection 

Adel Slamani MHA Technologies, Inc. 

Melanie Smith Northeastern University 

Edward Solomon Triple Ring Technologies 

Serge Soloviev Reveal Imaging Technologies, Inc. 

Samuel Song TeleSecurity Sciences, Inc. 

Marion (Rocky) Starns ScanTechIBS 

Greg Struba Department of Homeland Security 

Ling Tang Rapiscan Labratories, Inc. 

Brian Tracey Tufts University 

Nawfel Tricha SureScan 

Alex Van Adzin Photo Diagnostic Systems, Inc. 

Seth Van Liew American Science and Engineering, Inc. 

Amit Verma Capture, LLC 

Lou Wainwright Triple Ring Technologies 

Whitney Weller Force 5 Networks, LLC 

Alyssa White Massachusetts General Hospital 

David Wiley Stratovan Corporation 

Horst Wittmann Northeastern University 

Kam Lin Wong SAIC 

William Worstell Photo Diagnostic Systems, Inc. 

Rich Wronski Charles River Analytics, Inc. 

Birsen Yazici Rensselaer Polytechnic Institute 

Can Yegen Northeastern University 

George Zarur XinRay Systems LLC 

Larry Zeng Weber State University 

Jun Zhang University of Wisconsin-Milwaukee 
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Appendix IV  Program Review Presentations: Crawford

Reconstruction Project:
Project Overview

Carl Crawford, Csuptwo
Clem Karl, Boston University

Harry Martz, Lawrence Livermore National Laboratory

Project Objectives

• Develop improved reconstruction algorithms, 
which may be deployed in the future, for CT‐
based explosive detection systems using scans of 
objects of interest on medical CT scanners and 
using simulated data and standardized phantoms

• Putting a database of raw data of scans of bags 
and associated scanner information into the 
public domain

• Purpose of this meeting is to see the results of 
this project
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Conclusions
• Nine research groups developed reconstruction algorithms for 

single‐ and dual‐energy volumetric CT scans of bags
• Quantitative scoring metrics as surrogate for new, tuned ATRs and 

taking DHS/TSL certification test
– New reconstruction algorithms are visually and quantitatively better 

than images using filtered back projection (FBP)
• Public domain set of projections (raw data) and scanner 

characterizations for third‐parties to develop reconstruction 
algorithms

• Computer simulated data and standardized baggage phantoms to 
allow algorithm comparisons and lower‐cost development of 
scanners

• Potential outcomes
– Algorithms transition to fielded EDS
– Researchers continue working on algorithms with TSA, ALERT and 

vendors
– People trained to work in field

ADSA – Workshop Format

• Ask questions in real time
• Do not hold back – but play nice

– Learning process for all participants
• Interrupt speakers

– Test now!
• Speakers expect this format
• Agenda allocated time for questions
• Review will end at 5:30 PM
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DHS Goals

• Vendors doing an excellent job
• But, need 

– Increase probability of detection (PD)
– Decreased probability of false alarm (PFA)
– Detect more threats including wide‐variation of home‐
made explosives (HMEs)

– Reduced mass
– Reduced labor costs

• Eliminate human in the loop if possible
– New algorithm ideas
– New people

DHS Tactics

• Augment abilities of vendors with 3rd parties
– Academia
– National labs
– Industry other than the vendors

• Create centers of excellence (COE) at universities
• Hold workshops to educate 3rd parties and discuss 
issues with involvement of 3rd parties
– Algorithm Development for Security Applications (ADSA)
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ADSA ‐ Recommendations

• ADSA01 Recommendations
– Organize research projects (grant challenges)

– Segmentation first – easiest task
– Reconstruction second

• Difficult to get  projection data and parameters
• Difficult to assess results

• ADSA04 and ADSA07 refined 
reconstruction projects

Typical Image Quality
 Artifact types
 Shading
 Streaks 
 Noise
 Blurring
 Rings

Artifacts lead to
 Merging of objects
 Splitting of objects
 Imprecise density, 

volume, mass, shape
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EDS Diagram

Sensor Recon ATR Display Decision

OperatorThreat

Difficult to Assess Improvement

• ATRs are tuned (matched filter) to image quality (IQ)
• Improved IQ + extant ATR could degrade detection 

performance
• Developing ATRs and testing at TSL out of scope

– Testing may not be statistically significant (ADSA08 final 
report)

• Surrogate metrics required
– Area of research – as big as recon development itself
– Based on images, not on detection performance

Sensor Recon ATR Display Decision
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Reduce Cloud Sizes

ATR today ATR Future

“Bare” 
HME

Effects of Containers

Effects of Concealment

Feature 1 Feature 1

Feature 2 Feature 2

Non‐threats

Features should be pixel‐based and based on segmentation and/or region 
growing.  Pixel‐based alone may admit low‐pass filtering to reduce 
artifacts.

Reconstruction Algorithms

• Iterative, algebraic. statistical, model‐based
• Filtered back‐projection (FBP)

– FBP is more than what’s described in Kak & Slaney
• Pre‐processing – sinogram processing, metal 
artifact removal

• Post‐processing – streak removal
• Dual energy – decomposition and integrated 
reconstruction
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Objects of Interest

• Water
• Saline
• Rubber sheets
• Glass beads (to assess texture)

Databases

• Packed suitcases with normal objects
• Scan on medical CT scanner

– ~100 scans

• Outline objects using semi‐automated method
– Denoted ground truth data

• Scanner characterization (meta‐data)
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Difficult to Assess Improvement
• ATRs are tuned (matched filter) to image quality 
(IQ)

• Improved IQ + extant ATR could degrade 
detection performance

• Developing ATRs and testing at TSL out of scope
– Testing may not be statistically significant (ADSA08 
final report)

• Surrogate metrics required
– Area of research – as big as recon development itself
– Based on images, not on detection performance

Simulations
• Goals

– Reduce dependency on using scanner 
– Develop common set of phantoms for comparing 
algorithms (ForBild)

• Deliverables
– Phantom and content (non‐OOIs) descriptions
– Virtual packing software
– Simulation code and users manual

• Simulate: Imatron scanner including: finite apertures, 
quantum and electronic noise, beam hardening, 
scatter, etc.

• All material in the public domain
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Researchers
• Iterative reconstruction

– Jens Gregor, University of Tennessee
– Synho Do, Massachusetts General Hospital
– Charlie Bouman, Ken Sauer, Pengchong Jin, Purdue/Notre Dame
– Jeff Kallman, Harry Martz, LLNL

• FBP, sinogram processing, metal artifact removal
– Frederic Noo, Larry Zheng, Dominic Heuscher University of Utah
– Patrick La Riviere, Phillip Vargas,University of Chicago
– Seemeen Karimi, University of California, San Diego

• Dual/Multi Energy Reconstruction and Decomposition
– Limor Martin, Clem Karl, Boston University
– Brian Tracy, Eric Miller, Tufts University

• Metrics
– David Wiley, Deb Gosh, Stratovan

• Simulations
– Taly Gilat‐Schmidt, Marquette University

Support Tasks

• Scanning
– Doug Boyd, Sam Song, Telesecurity Sciences

• Third‐party FBP
• Patrick La Riviere, Phillip Vargas,University of Chicago
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ProjectTeam

• Program and technical management 
– Michael Silevitch, John Beaty, ALERT
– David Castanon, Boston University

• Subject matter experts (mentors)
– Carl Crawford, Csuptwo
– Clem Karl, Boston University
– Harry Martz, LLNL

Reminders

• Meeting and results in public domain.
– No classified or SSI material
– Minutes will redacted if necessary

• Out of scope
– Computational expense

• Fill out questionnaire on survey‐monkey
– www.surveymonkey.com/s/ProgramReviewSurvey
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• Laura Parker, DHS, funding
• Vendor feedback

– L‐3, Analogic, Morpho Detection, Surescan, Rapiscan

• ALERT staff
– Melanie Smith(**), Teri Incampo, Seda Gokoglu, 
Kristin Hicks, Can Yegen, Deanna Beirne, Anne 
Magrath 

• Jeffrey Kallman, Steve Azevedo, LLNL, technical 
support

Special Acknowledgement

• Limor Martin, Boston University
– Validation of raw data
– Tracking down bugs

• Most bugs due to collecting dual energy data on a 
single energy scanner

– Offline (xrec) reconstruction
– Organizing project FTP site
– Updating documentation
– Selecting slices of interest
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Super Special Acknowledgements

• The reconstruction initiative would not have 
been a success without the research groups. 
The success of this project is due 99.99% to 
their contributions. We extend our heartfelt 
thanks to them for their participation and 
working the project team to fix issues when 
they became evident.

Indemnification

• All problems, issues and bugs are the 
responsibility of Carl Crawford, Clem Karl and 
Harry Martz, not the researchers and support 
staff
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Object Philosophy Issue

• Scanned stacks of N rubber sheets
– Is this one object or N separate objects?

• Area recovery for sheets is inaccurate for this 
reason

Success
• Develop improved reconstruction algorithms
• Define improved!
• Increased involvement of third parties (i.e., not incumbent 

vendors)
• Researchers 

– Receiving follow‐on funding from government and vendors
– Publishing, presenting, patenting

• It takes a village to improve national security
– Create RSNA equivalent for security

• Make DHS/TSA happy!
• Project tools (projections, images) into public domain
• Transitioning algorithms to commercial products
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Appendix V  Program Review Presentations: Karl

The TO3 Data Resource:
An Open Resource for CT Algorithm 

Development for Security

Clem Karl
Boston University

Boston University Slideshow Title Goes Here

TO3 Data Resource Goals

1. Raw data, models, documentation in public domain 
 Allow third parties to develop advanced algorithms

2. Provide data for objects of interest 
 water, saline, rubber sheets, glass beads

3. Support generation of performance metrics 
 E.g. clouds, mean, std
 Multiple scans of objects in different configurations, orientations, etc

4. Allow work on single and dual energy CT

2

11/15/2013
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Boston University Slideshow Title Goes Here

The TO3 Data Resource Overview

3

11/15/2013

Raw CT 
Data

Validated 
Scanner 
Model

Matching 
Simulations

 The only open access X-ray security resource for third parties
 Based on Imatron C300 medical scanner
 82 Gb of validated raw data, images, and software
 Mixed mono and dual energy
 Scanned data of “security interest” (i.e. not medical)

 Imatron data team: Tip Partridge, Doug Boyd, Jon Harmon, Sam Song

 Validated scanner model
 U. Chicago: Patrick La Riviere, Phillip Vargas

 Coupled validated simulation 
 Marquette University: Taly Gilat-Schmidt

Boston University Slideshow Title Goes Here

Imatron C300 Scanner

 Imatron C-300 Medical CT scanner
 Electron beam scanner
 Fixed detector rings, scanning electron beam to circumferential 

targets
 Native fan geometry
 Open access to machine details

 Bob Senzig (GE Healthcare) provided access to source code 4

11/15/2013
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Boston University Slideshow Title Goes Here

Imatron C300 Data and Software
 Access to software processing chain, raw sinogram

data products and nominal reconstructions

5

11/15/2013

Rebin
Data

Con-
volved
Views

FFT 
Views

Fourier 
Image

Center
Normal 
Image

Examples:
• Filled fanbeam

• Rebinned
parallel

• Corresponding 
projection 
models

Boston University Slideshow Title Goes Here

TO3 Data Resource Scan Collection
 Validated OOI Scans 

 61 scans

 High clutter scans of suitcase bag
 1 scans

 Scans of bottles with glass and plastic beads
 3 scans

 Al and Cu calibration objects, resolution phantoms, and a 
suitcase bag
 34 scans

 Resolution & multipin phantom, suitcase bags 
 21 scans

 95kV calibration scans 
 11 scans

 Mixture of DE (95keV, 130keV) and SE (130keV) scans

6

11/15/2013
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Boston University Slideshow Title Goes Here

Scanned Objects
 Reference and calibration objects

 (e.g. NIST 10010-A, Al steps, Cu steps, etc)

 Objects of interest
 Small set of materials in different configurations for cloud generation
 Distilled water in plastic, metal, large, small containers
 Doped water (salt) in plastic, metal, large, small containers
 Rubber sheets

 Other known materials in know configurations
 Beads, graphite, teflon, PVC 
 cylinders, sheets, cubes

 Clutter objects
 Cultural objects (e.g. pots, shoes, AC adapter, radio)

 Validated materials (McMaster Carr)

7

11/15/2013

Boston University Slideshow Title Goes Here

Scanned configuration examples

 Multiple scans of objects in different configurations, 
orientations, etc for cloud 

8

11/15/2013
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Boston University Slideshow Title Goes Here

Example Reconstructions

9

11/15/2013

Clean Medium Clutter High Clutter

Boston University Slideshow Title Goes Here

Data share access

 Data Resource warehoused on networked BU server
 Raw data, reconstruction software, documentation, scanner models, 

simulations

 Process for obtaining data
 Request NDA from ALERT
 Obtain account to access network data share site
 Must agree to have publications reviewed (“REAP’ed”) for 

problematic wording

 Access to data is available after project ends
 Researcher results & documentation can be posted as 

well 
 A reconstruction algorithm development clearing 

house 10

11/15/2013

54

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix V



Boston University Slideshow Title Goes Here

Lessons Learned

 Imatron not a natural dual energy machine
 Kv has to be switched between scans, requiring recalibration, 

slowing acquisition

 We were not careful enough planning the  validation & 
recording
 Can’t uniquely identify some objects in some cases (e.g. water vs

saline)
 Material properties not what vendor claimed (e.g. beads)

 Improvements incorporated for TO4

11

11/15/2013

Boston University Slideshow Title Goes Here

Acknowledgements

 Limor Martin for data validation, correction, and 
documentation

 Tip Partridge for technical assistance

12

11/15/2013
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Boston University Slideshow Title Goes Here

Conclusion

 TO3 Data Resource met original goal
 Open set of data, models, and simulation now exists 

for algorithm development
 TO3 project researchers used data to develop new 

algorithms
 New algorithms impact on clouds and metrics can be 

evaluated

13

11/15/2013
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Appendix VI  Program Review Presentations: La Reiviere

Characterizing the Imatron C-300 
Medical CT scanner and effort to 

develop matched FBP 

Patrick La Riviere and Phillip Vargas 
University of Chicago 

The Committee on 
Medical 
Physics 

Objectives 
• The goals of this project were 

1. To characterize the Imatron C300:  
• Understand geometry 
• Understand file formats  
• Understand data readout 

2. To develop open source offline code matching as closely 
as possible the output of Imatron’s onboard gridding-
based algorithm.  

3. More broadly, to demonstrate the feasibility and benefit  
of having a set of open/medical data together with a 
validated system model in the "public domain" that can 
be used for experimentation and collaboration. 

 
 

The Committee on 
Medical 
Physics 
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Results 
Imatron xrec 

reconstruction 
UofC recon starting from 

“clipped” xrec sino Difference 

Average difference = 1.11 H.U  
Max difference = 126.92 H.U 

The Committee on 
Medical 
Physics 

W: (-1000,3095) 

Take away: All researchers have been able to reconstruct data using their own 
algorithms based on characterization provided by the University of Chicago.  

Introduction to the team 

Patrick La Riviere, Ph.D. 
Associate Professor of Radiology 

The University of Chicago 

Phillip Vargas, M.S. 
Assistant Professor 

Harold Washington Community College 
Part-time research specialist, U of Chicago 

The Committee on 
Medical 
Physics 
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Imatron C300 System 

The Committee on 
Medical 
Physics 

• This is an electron beam scanner that uses a fourth generation geometry in which 
detectors are fixed and subtend a large arc around the patient and electron source is 
scanned along large arc.  

• This differs from clinical scanners based on third generation geometry where both 
source and detectors rotate. Imatron is faster (~50 msec) and good for cardiac. 

Geometry – Single Slice Mode 
 • Focal length= 675.0 mm or 675.5 

mm  
• Number of true projection views= 

864 
• Number of effective projection 

views = 888 (augmented during 
corner filling)  

• Angular range of 888 views is 
222, which is Pi + fan angle 

• Angular increment 0.25 degrees 
• Fan angle = 41.26696016° 
• Angle between fan channels= 

0.0478180° 
• Number of fan channels= 864  
• Field of view at the isocenter = 

475.0 mm 

The Committee on 
Medical 
Physics 

anode 
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Reb
inD
ata 

Con-
volve

d 
Vie
ws 

 

FFT 
Vie
ws 

Fouri
er 

Imag
e 

Cent
er 

Nor
mal 

Imag
e • Xrec data processing flow chart.  

• We characterized the various outputs and made recommendations about which 
sinograms researchers should consider working with. Only 1 or 2 were used.  

Xrec 
flow 
chart 

Extracting and Reading Sinograms from xrec.exe 

The Committee on 
Medical 
Physics 

Arrow denotes most commonly used sinograms.  

• -sino lin; Floating point data 864x888 LINEARIZED 

• -sino int; Floating point data 864x888 INTERPOLATED 

• -sino cfl; Floating point data 864x888 CORNER FILLED 

• -sp; Floating point data 1024x720 REBINNED 
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Basics of Imatron recon 
• Imatron 

– Parallel rebinning from fan sinogram  
• One-dimensional cubic interpolation in columns 
• Apply Parker weights 
• One-Dimension cubic interpolation in rows 

– Gridding reconstruction 
 

• Our efforts: 
– First FBP from parallel 
– Then FFBP from fan 
– Then gridding reconstruction from rebinned projections 

The Committee on 
Medical 
Physics 

Results: direct Fourier/gridding 

Imatron 
reconstruction 

UofC 
reconstruction Difference 

Average difference = 1.11 H.U  
Max difference = 126.92 H.U 

The Committee on 
Medical 
Physics 

W: (-1000,3095) 
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Strengths and weaknesses 

• Overall we provided a very thorough description of 
the Imatron geometry and data format that was 
valuable to the other researchers involved.  

• We came very close to exactly matching the 
Imatron reconstruction performance but small 
differences remained likely due to differences in 
interpolation kernels, numerical implementations, 
etc.   

The Committee on 
Medical 
Physics 

Recommendations for future work 

• Develop more offline code to replicate earlier 
takeoff points of xrec.  

• Develop more thorough physical models of scanner 
degradations (scatter, afterglow, crosstalk) to allow 
for more advanced model-based corrections and 
methods. 

The Committee on 
Medical 
Physics 

Acknowledgments: The Imatron team (Tip Partridge, Doug Boyd, Jon Harmon) were 
EXTREMELY helpful in understanding the geometry and data format.  

sftp://craw404@eng-
filetransfer.bu.edu/eng_research_TO3/PatrickDocsandSinos/Matla
bCode 

FTP site: 
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Appendix VII  Program Review Presentations: Gilat-Schmidt

Simulation Task

Taly Gilat Schmidt, PhD
Department of Biomedical Engineering

Marquette University

Conclusions
• Created simulated projection data from Imatron

scanner and created standardized mathematical 
phantoms

• Simulated data matched the values, noise, scatter, 
artifacts of experimental data

• Simulated data was useful for recon development
• Physics is validated, next step is object complexity
• Simulations can generate library of data for 

algorithm development, system testing, 
performance predictions
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Suitcase Phantom

• Deliverable is simulated data and phantom 
definition

• Simulated data reconstructed by filtered 
backprojection

Potential Impact of Simulations
• Performance of future scanners may be 

simulated to reduce time to market and 
cost

• Investigate range of system parameters
• Overcome the issue of limited data for 

system testing and training
• Facilitate algorithm development

– Known ground truth
• May be possible to predict detection 

performance of new scanners
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Task Objectives
• Simulation tools for security scanners not 

known to exist in the public domain
• Develop common set of numerical 

phantom definitions and simulated data
• Leverage concepts and tools in the 

medical imaging field to develop 
simulation tools for future projects

• Validate that simulated data replicates 
experimental data

Simulation Methods

• Raytracing software analytically calculates 
intersection of rays with primitive shapes 
– Cylinders, ellipses, boxes, cones
– Models focal spot and detector aperture

• Monte Carlo simulations estimate scatter 
signal

• Matlab scripts combine ray-tracing, 
scatter, photon noise, and electronic 
noise.
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Validation

• Match the Imatron spectra
• Match the Imatron fluence
• Match the Imatron geometry
• Match the reconstructed HU mean and 

standard deviation
• Match the scatter level and artifacts

X-ray Spectra
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Graphite and Magnesium

Measured Simulated Horizontal Profile 

95 kV 

130 kV 

Graphite and Aluminum

Measured Simulated Horizontal Profile 

95 kV 

130 kV 
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Reconstructed HU Values

Graphite Magnesium Aluminum 

Experiments 

Simulations Good agreement between mean and std values

Scatter-to-primary ratio

95 kV 130 kV 
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Images Reconstructed With 
Scatter

Imatron Simulated Horizontal Profile 

95 kV 

130 kV 

Scatter Artifact

Imatron Simulated Horizontal Profile 

95 kV 

130 kV 
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Suitcase Phantoms and Data

Phantom ‘Standard’
• Water objects in four 

configurations / 
containers

• Rubber sheet object
• Metal artifacts

Phantom
//Text Case
{ [ Box: x=0 y=0 z=0  dx= 39 dy= 20 dz=28 ] formula=C2H4 rho=0.95 }
{ [ Box: x=0 y=0 z=0  dx= 38 dy= 19 dz=27 ] formula=C8H8 rho=0.1 }

// Text Block
{ [ Box: x=2 y=-2 z=5.5 dx=9 dy=9 dz=12 a_x(0.707,0,0.707) 
a_y(0,1,0) ] formula=Al rho=2.699 } 
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Feedback from Recon Teams

• Simulations helpful for algorithm 
development and testing

• Helpful to have a true gold standard
• Validated spectra and fluence models 

helpful for reconstruction development

Lessons Learned
• Defining complex objects with primitive shapes 

is difficult, limited, and time consuming
• Primitive shape definition varies across software 

packages
– Forbild, g3d, GEANT all use different 

definitions
• Scatter must be modeled to have realistic streak 

artifacts
• Good simulations require detailed information 

from scanner vendor
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Successfully validated the physics 
simulation models

More development required to fully realize 
impact on security community

Voxelized Models
• Represent complex objects by 

cartesian  grid of voxels.  Each 
voxel has one µ value

• Ray-tracing algorithms available
• Model heterogenous texture
• Convert an experimental image 

set into a software phantom
• Require large memory
• Partial volume limitations
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Polygonal Mesh Objects

• Defines the object surfaces through mesh 
points

• Standard CAD output (e.g. .stl)
• Numerous object models available in 

public domain (e.g., Google sketch up 3D 
warehouse)

• Ray tracing algorithms
available 

Next Step: Complex Objects
• Design simulation software that can handle 

multiple object types
– Polygonal meshes (CAD output)
– Voxelized models
– Take advantage of public domain libraries

• Some Monte Carlo packages already do this
– GEANT, pen mesh

• Need software architecture that makes it easy to 
handle multiple data types

• Develop packing software
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Next Step:  Object Oriented 
Simulation Software

• Can add new scanner geometries without 
changing existing code

• Can add new object types without 
changing existing

• Efficient parallel, open-source 
development

• Easier new user adoption – low level 
details hidden from users

Conclusions
• Created simulated projection data from Imatron

scanner and created standardized mathematical 
phantoms

• Simulated data matched the values, noise, scatter, 
artifacts of experimental data

• Simulated data was useful for recon development
• Physics is validated, next step is object complexity
• Simulations can generate library of data for 

algorithm development, system testing, 
performance predictions
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EXTRA SLIDES

Phantom defined from primitive shapes

Analytic ray-tracing using g3d to 
estimate mean primary signal

Monte Carlo simulations using 
GEANT4 to estimate scatter

Script file repeats ray tracing for 
all x-ray energies in spectrum Scatter signal denoised using 

Richardson Lucy algorithm and 
weighted by fluence

Matlab codecombines the 
polyenergetic ray tracings, adds 
Poisson noise, adds electronic 
noise, handle photon starvation

Matlab code combines primary 
and scatter signals and 

performs log normalization
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Spectral Shape Validation 
Methods

• Calculated the transmission through the aluminum wedge 
phantom  from the Imatron sinogram data

• Calculated the transmission through a simulated aluminum 
wedge phantom using the modeled spectra

• Compared aluminum transmission plots
• Compared images reconstructed from the  KACH_EDEC_1 

and KACH_EDEC_2 datasets
• The *.nrm Imatron sinograms were used (after normalization, 

before beam hardening correction and interpolation)
• The simulated geometry was the physical Imatron geometry
• Both the measured and simulated sinograms were 

interpolated to equiangular fan beam data and reconstructed 
using identical algorithims

• Beam hardening correction was not applied to either the 
measured or simulated data

• The mean in the test objects was compared for simulated and 
measured data

Photon Fluence Validation 
Methods

• The photon fluence estimation method detailed by 
Seemeen was performed using air scans from 130 kV 
and 95 kV acquisitions
- ~120,000 photons per ray for the 95 kV spectrum
- ~100,000 photons per ray for 130 kV spectrum

• The noise standard deviation was calculated in images 
simulated assuming this photon fluence and compared 
to images reconstructed from Imatron sinograms
-same recon routines for both cases

• The photon fluence estimates were adjusted so that 
the simulated standard deviation matched the 
measured data
- ~180,000 photons per ray for the 95 kV spectrum
- ~170,000 photons per ray for 130 kV spectrum
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Scatter Validation

• Combined simulated ray tracing and Monte 
Carlo images of the water_2000ml phantom

• Compared simulated reconstructed images 
(including scatter) to Imatron images 
reconstructed without scatter correction

• Compared the scatter artifact 
(image_with_scatter –
scatter_corrected_image) for both simulated 
and Imatron data 

Smoothing of Monte Carlo 
Output

After smoothing, the scatter signal is scaled to adjust for differences in fluence in 
the MC simulations compared to ray-tracing.  Poisson noise is added to the 
scaled scatter signal , which is then added to the ray tracing generated primary 
signal 

*The amount of 
smoothing is 
adjustable 
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Analytical Ray Tracing
• Analytical expressions for the intersection 

of a line and 3D objects
– -spheres, ellipses, cylinders, boxes, 

cones...
• g3d software (Carl Crawford) performs 

these calculations

–

More realistic, complex 
objects

detectorsource

( , , )x y zµ

( )( , , )
( )

x y z dt

oN N E e dE
µ−∫= ∫



How to calculate line integrals through µ(x,y,z)?
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Voxelized Ray Tracing

detectorsource

( , , )x y zµ
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Appendix VIII Program Review Presentations: Gregor

ALERT Task Order 3 
Iterative Reconstruction using SIRT 

Dr. Jens Gregor
Electrical Engineering and Computer Science
The University of Tennessee, Knoxville, TN

jgregor@eecs.utk.edu

Clouds: Layout Overview 
Side-by-side algorithm comparison for pair of features 

Oct 24, 2013 Jens Gregor, University of Tennessee 2 

Water Clutter: Low, Medium, High Doped Water Rubber Sheet 
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Clouds: Feature Description 
Metric analysis and clouds are based on image features 

Oct 24, 2013 Jens Gregor, University of Tennessee 3 

Ground truth mask 

Tumbler segmentation 

• Segmentation tools by Stratovan
• Ground trust mask features

─ μ: Mean pixel value [ 0 ≤ … ≤ ∞ ]
─ σ: Standard deviation of intensities
─ Area 1 = 100 N/M [ 0 ≤ … ≤ 100 ]
          N = #pixels in median ± 100 range
          M = #pixels in ground truth mask

• Tumbler segmentation features
─ Area 2 = (N-M)/M [ -1 ≤ … ≤ +3 ]
         N = #pixels in Tumbler mask
         M = #pixels in ground truth mask

• HU conversion (w/o calib. data)
─ HU = 1000 μ / μwater 
          μwater = 0.2025 cm-1 (T. Gilat-Schmidt)
─ Air = 0 HU, water = 1000 HU

μ=904HU, σ=180HU
Median=960HU

Area 2 = -0.05 

Area 1 = 49.4% 

Clouds: Stratovan Version 
Side-by-side algorithm comparison for pair of features 

Oct 24, 2013 Jens Gregor, University of Tennessee 4 

Principal Component Analysis:  Shape Clutter: Low, Medium, High 
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Mean Pixel Value Offset 
Interpretation guide 

Oct 24, 2013 Jens Gregor, University of Tennessee 5 

• Without access to calibration data, different 
parameter setting yield different HU values 

• To facilitate visual comparison, mean pixel 
values displayed relative to ensemble mean 

• Negative value: “lower than overall mean” 
Positive value: “higher than overall mean”  

• Differences are preserved, making material 
separation interpretation possible (∆HU) 
 

Tumbler Segmentation 
Interpretation guide 

Oct 24, 2013 Jens Gregor, University of Tennessee 6 

• Warning: These results can be misleading 
• Segmentation based on seed point chosen by 

Stratovan meaning object fragments neither 
produced nor fused as in a real ATR system 

• Stacked rubber sheets inseparable – area 
recovery metric not only overestimated but 
also attributed to multiple rubber sheets 

• View images when interpreting segmentations 
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Clouds: Mean vs Standard Dev. 
Mean and standard deviation of pixels in ground truth mask region 

Oct 24, 2013 Jens Gregor, University of Tennessee 7 

CGWB clouds are tighter than XREC. Standard deviation values are better. 

Worse 

Better 

Worse 

Better 

Clouds: Mean vs Area 1 
Num. pixels in median ± 100 HU range relative to ground truth mask size 

Oct 24, 2013 Jens Gregor, University of Tennessee 8 

CGWB clouds are tighter than XREC. Relative area recovery is better. 

Better 

Worse 

Better 

Worse 

83

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix VIII



Clouds: Mean vs Area 2 
Num. pixels in Tumbler mask region relative to ground truth mask size 

Oct 24, 2013 Jens Gregor, University of Tennessee 9 

CGWB water area recovery better than XREC. Rubber sheets problematic. 

Worse 

Worse 

Better 

Worse 

Worse 

Better 

Tightening around 
zero is improvement 

Stacked sheets fused 
together and/or with 
nearby other objects 

Stacked sheets fused 
together and/or with 
nearby other objects 

Some metal artifact shading. Some streak noise. Less metal artifact shading. Less streak noise. 

  CGW1B3 
   Improved visual image quality 

  XREC 

Example: High Clutter 1 Slice 239 

Oct 24, 2013 Jens Gregor, University of Tennessee 10 
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XREC and CGWB yield fused rubber sheets. XREC under-segments water objects. CGWB segmentation slightly more complete. CGWB achieves better water segmentation. 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
           Rubber sheet segmentation 

  XREC 

Example: High Clutter 1 Slice 239 

Oct 24, 2013 Jens Gregor, University of Tennessee 11 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                 Water segmentation 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                 Water segmentation 

Dr Gregor’s Imaging Experience 

Medical imaging Waste/NDT imaging

• Algebraic, statistical reconstruction algorithms: SIRT, MLEM
• Academic proof-of-principle and commercial/production code
• Participant in ALERT TO3 (recon) , TO4 (ATR development)

X-ray CT, SPECT,  PET,  MRI Neutron CT

APNEA

Oct 24, 2013 Jens Gregor, University of Tennessee 12 
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Method: SIRT in a Nutshell 
SIRT iteratively tries to guess image configuration that 
best satisfies Ax = b in a weighted least squares sense 
• Notation: A=source-to-detector ray model, x=image, b=data

• Least squares corrects large errors at expense of small errors

• Weighting changes importance of individual ray-based errors

• Regularization improves numerical stability, adds smoothing

SIRT is a good alternative to filtered backprojection since 
it allows modeling of the imaging process (geometry etc)

SIRT uses simultaneous updating of all pixels making it 
numerically robust with respect to data inconsistencies

Oct 24, 2013 Jens Gregor, University of Tennessee 13 

Method: SIRT in Equation Form 
Method for solving weighted least squares problem:

x* = argmin ║Ax – b║  

Solution computed iteratively given initial estimate:
x(k+1) = x(k) + α CATR (b – Ax(k))

2
R

Oct 24, 2013 Jens Gregor, University of Tennessee 14 

Matrix A: scanner geometry (ray-pixel area intersection)
Vector b: log-normalized projection data (fan-beam)
Vector x: reconstructed image (range: -100:30,000 HU)

Matrix R: solution weight matrix (all RA row sums = 1)
Matrix C: preconditioning matrix (all CAT row sums = 1)

Scalar α: relaxation param. (near-optimal value = 1.99)
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The linear system Ax = b is the discretized version of

� x s ds = −ln
L

 
I1
I0

Low SNR data maps to large log-normalized value which 
plays a dominant role in the least squares computation.

Effect suppressed by weighting of matrix and sinogram:

 W0: wi = 1 aij = wi aij   
 W1: wi = e−0.5 bi  bi = wibi

Wx: Data Weighting 

Oct 24, 2013 Jens Gregor, University of Tennessee 15 

Matrices R and C are computed for weighted A matrix 
leading to preservation of known convergence properties

Wx: Data Weighting 

Oct 24, 2013 Jens Gregor, University of Tennessee 16 

Heavily attenuated (bright=low SNR) rays in W0 are mapped to low values in W1 
reducing their impact on the reconstruction, thereby improving image quality 

  W0   W1 10.0  

0.30 

0.07  

0.18 

2.0 0.75 
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Bx: Tikhonov Regularization 
SIRT can be made less sensitive to small changes in the 
input through application of Tikhonov regularization:

x∗ = argmin ║Ax – b║ + β║x║

Solution computed with preference towards smaller norm:

x(k+1) = (I - αβC) x(k) + α CATR (b – Ax(k))

Added benefit:  spatially variant smoothing of image

Oct 24, 2013 Jens Gregor, University of Tennessee 17 

Parameter β controls data fit versus min-norm trade-off 

Bx means β = 0.0x. Thus, B0 means no regularization 
while B1 thru B5 means light thru heavier regularization

2
2

2
R

Method for solving symmetric pos. definite linear system:

z* = argmin ║Mz – h║   + β║z║ 

mij = aij/ ricj, hi = bi/ ri, zj = xj cj           xj∗ = zj∗/ cj

Conjugate Gradient Framework 

2
2

2
2

Oct 24, 2013 Jens Gregor, University of Tennessee 18 

Map original SIRT problem to above L2 version  Remap solution 

Faster convergence 
Results based on 64 iterations 

(fewer might have sufficed) 
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Computational Cost 
• Problem size ………………………………………………

Projection: 864 views x 888 rays (corner filling discarded)
Image: 512 x 512 pixels (inscribed circle constraint)
System matrix: 950M non-zero elements (single-precision float)

• Implementation ……………………………………………
Code written in C using POSIX based multi-threading

• Computer platform ………………………………………..
Dell Precision PC w/dual quad-core 2.26 GHz Xeon CPUs

• Timing numbers …………………………………………...
System matrix: 20 sec. (could be stored and read from file)
SIRT-to-CG:     4 sec. (incl. projection and matrix weighting)
Per iteration:     2 sec. (incl. active set-like bound constraints)

Oct 24, 2013 Jens Gregor, University of Tennessee 19 

Lower triangle is good 
CGWB superior to XREC 

Scatter Plot: Standard Dev 
XREC and CGWB results plotted per object 

Oct 24, 2013 Jens Gregor, University of Tennessee 20 

Better 

W
or

se
 

Worse 

Be
tt

er
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Upper triangle is good 
CGWB superior to XREC 

Scatter Plot: Area 1 
Num. pixels in median ± 100 HU range relative to ground truth mask size 

Oct 24, 2013 Jens Gregor, University of Tennessee 21 

Worse 

Be
tt

er
 

Better 

W
or

se
 

Worse 

W
or

se
 

CGWB water results better 

Some CGWB rubber sheets 
appear over-segmented to 
a greater degree than XREC 

Worse Better 

Be
tt

er
 

W
or

se
 

Scatter Plot: Area 2 
Num. pixels in Tumbler mask region relative to ground truth mask size 

Oct 24, 2013 Jens Gregor, University of Tennessee 22 
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  XREC   CGW1B3   CGW1B3   XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                   Water segmentation 

Example: LLNL TWO Slice 068 

Oct 24, 2013 
Jens Gregor, University of Tennessee 

23 

No visible artifacts. No visible improvement. 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
             Doped water segmentation 

  XREC   CGW1B3   CGW1B3   XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                   Water segmentation 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
           Rubber sheet segmentation 

Example: Med Clutter 1 Slice 235 

Oct 24, 2013 
Jens Gregor, University of Tennessee 

24 

Some metal artifact streaking. Slightly smoother image appearance.  
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  CGW1B3   XREC   XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                 Water segmentation 

Example: Med Clutter 2 Slice 326 

Oct 24, 2013 Jens Gregor, University of Tennessee 25 

Some metal artifact shading. Some streak noise. Less metal artifact shading. Less streak noise. 

  XREC   CGW1B3   CGW1B3   XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
                   Water segmentation 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
           Rubber sheet segmentation 

Example: Med Clutter 4 Slice 134 

Oct 24, 2013 
Jens Gregor, University of Tennessee 

26 

Some metal artifact streaking. Slightly smoother image appearance.  
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  CGW1B3   CGW1B3 w/Tumbler Overlay 
   Water segmentation closer to ideal 

  XREC   XREC w/Tumbler Overlay 

Example: High Clutter 1 Slice 350 

Oct 24, 2013 Jens Gregor, University of Tennessee 27 

Some metal artifact shading. Some streak noise. Less metal artifact shading. Less streak noise. 

  CGW1B3   CGW1B3 w/Tumbler Overlay 
    Water segmentation closer to ideal 

  XREC   XREC w/Tumbler Overlay 

Example: High Clutter 3 Slice 222 

Oct 24, 2013 Jens Gregor, University of Tennessee 28 

Some metal artifact shading. Some streak noise. Less metal artifact shading. Less streak noise. 

  XREC w/Tumbler Overlay   CGW1B3 w/Tumbler Overlay 
      Rubber sheets fused with clutter 

  XREC w/Tumbler Overlay   CGW1B0 w/Tumbler Overlay 
    Better rubber sheet segmentation 
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Summary of Pros and Cons 

SIRT Weaknesses 
 

 
 
• Excessive regularization 

may cause object fusion 
 
• Convergence rate 
• Computational cost 

 
 

SIRT Strengths  
• Accurate geometry model 
• Flexible data corrections 

 
• Controlled regularization 

yields smoother regions 
 

• Can be preconditioned 
• Can easily be parallelized 

Oct 24, 2013 Jens Gregor, University of Tennessee 29 

Suggestions for Future Work 

• Apply CGSIRT to data from security scanner 
• Incorporate pre/post reconstruction metal 

and other artifact reduction schemes 
• Study alt. weighting, regularization schemes 

 
• Reduce computational cost: many-core and 

vector utilization, limit computation to region 
of interest (e.g., suitcase or object inside). 

Oct 24, 2013 Jens Gregor, University of Tennessee 30 
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Appendix IX  Program Review Presentations: Sauer

Model-Based Iterative Reconstruction 
for CT Luggage Screening

Pengchong Jin1, Charles Bouman1, Ken Sauer2

ALERT TO#3 Project Review 
10/24/2013

1. School of Electrical and Computer Engineering, Purdue University
2. Department of Electrical Engineering, University of Notre Dame

1

Cloud Plots

Xrec (FBP)

MBIR

2
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Sample Images

Xrec (FBP), and Tumbler segmentation

Medium Clutter (1-123) High Clutter (1-239)

MBIR, and Tumbler segmentation

3

Introduction to the institution and 
researchers

• Pengchong Jin – 5th year Ph.D. student, 
Purdue University. B.Eng, ECE from 
HKUST (2009). Statistical signal processing, 
inverse problems

• Charles Bouman – Showalter Professor of 
ECE, Purdue University. BSEE U. Penn, 
Ph.D. Princeton (1989). Stochastic image 
modeling, image rendering, tomography

• Ken Sauer – Assoc. Prof. of EE, University 
of Notre Dame. BSEE Purdue, Ph.D. 
Princeton (1989). Statistical methods in 
tomographic inverse problems, optimization

4
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Methods

5

Model-based Iterative Reconstruction

• : image to be estimated,            : sinogram
• Invert by computing the MAP estimate

Prior Model
p(x)

y

x̂

Forward Model
Of Scanner

f (x) f (x̂)

Physical System
CT Scannerx0

Difference
cost

x̂MAP  argmax{log p(y | x) log p(x)}
Likelihood function

Forward model derived from system physics
Measurement noise modeling

Prior
Regularization

smoothing

x RN yRM

6
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Model-Based Iterative Reconstruction
• Cost function for image reconstruction

– : image to be estimated 
– : sinogram, measurements

• Data fit term of cost
– Accurate model of X-ray forward projection
– Accurate noise model, weighting matrix W

x̂MAP  argmin
x0

1
2

yE[y | x]
W

2  s,r(xs  xr )
{s,r}C














E[y | x]

x RN

yRM

Main idea: Adapt data penalty term to take “pressure” off
metal-corrupted  measurements

7

Approach 1: Better Forward Projection Model

• Classic forward model assumes
• Energy-dependent attenuation -> beam “hardening”
• Our approach

– Separate materials into low and high densities

– Two separate “material” projections

– : indicator of the j-th pixel for high density

E[y | x] Ax

E[y | x] h(pL ,i , pH ,i )   k ,l (pL ,i )
k (pH ,i )

l

l


k


pL ,i  Ai, j x j (1 bj )
j1

N

 , pH ,i  Ai, j x jbj
j1

N



bj  {0, 1}

8
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Approach 1: Joint Estimation and Correction
• Joint optimization problem

– Simultaneous image reconstruction and beam hardening 
correction as a joint optimization problem

– Use alternating optimization for    ,    and       s.
• Joint regularization scheme

b  k ,lx

{x̂, b̂,  }  arg min
x0,b,

1
2

yi   k ,l (pL ,i )
k (pH ,i )

l

l


k






2

i1

M

 U(x,b)












U(x,b)

U(x,b)   s,r(xs  xr )
{s,r}C
  s,r (bs  br )

{s,r}C


 (x j T ) (1 bj ) (T  xj )bj
j1

N



9

Approach 2: Better Noise Model (Weighting)
• A typical weighting from Poisson-Gaussian model*

– Large dynamic range when metals are present

• Novel weighting scheme

– : fraction of contribution from high density material
– Calculated using the initial image

wi 
i

2

i  e
2 

e2 yi

e yi Ce

wi  Iie
yi  (1 Ii )e

yi
2

0  I j 1

*Sauer, Bouman, TIP, Feb. 1993, Thibault, Sauer, Bouman, Hsieh, Medical Physics, Nov. 2007 

10
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Approach 3: Robust treatment of outliers
• The actual measurement can differ from the physical 

model significantly
– Due to various effects coupled together, beam hardening, 

scattering, metal partial volume, etc.
– Hard to integrate them individually

• Consider a modified model to reduce the influence of the 
defective measurement to the MBIR cost*

– is the generalized Huber function

 log p(y | x)  1
2

H L , wi yi  Ai,*x  
i1

M


H L , ()

*Venkatakrishnan, Drummy, Graef, Simmons, Bouman, EI, 2013
11

Results

12

101

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix IX



Doped Water Recon/Segmentation

Xrec (FBP)

MBIR

Medium Clutter (2-326) CCL results

13

MBIR/CCL Epic Fail

Xrec (FBP)

MBIR

High Clutter Water (1-350) CCL results

14
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Sample Water Recon/Segmentation

Xrec (FBP)

MBIR

High Clutter (1-239) CCL results

15

Sample Sheet Recon/Segmentation

Xrec (FBP)

MBIR

Medium Clutter (1-281) CCL results

16
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Sample Sheet Recon/Segmentation

Xrec (FBP)

MBIR

High Clutter (1-299) CCL results

17

Summary
• Positives of MBIR in TO3:
Good suppression of noise in bulk materials
Options for reduction of metal artifacts to improve 

segmentation
 Improved resolution

• Downsides
Don’t yet see “magic bullet” for metal
Key materials/configuration (rubber sheets + metal) 

remains challenging
Huge computational cost is barrier to entry
Rebinning for speed, simplicity may cost resolution 

available in accurate system modeling

18
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Quo Vadis?
• More aggressive treatment of metal
Formulate fixed correction function for beam hardening
Projection replacement algorithms

• Resolution enhancement through modeling of 
rebinning losses
Expand detector in forward model
High frequency pre-emphasis of sinograms

• Improve a priori image model
Take advantage of 3rd spatial dimension
Tailor prior to discrete-valued materials

oTotal variations-like?

19

Backup Slides

20
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Metal Artifact Reduction

Xrec (FBP)

MBIR

High Clutter (3-194) CCL results

21

Model-Based Iterative Reconstruction
• Statistical model for image reconstruction

– : image to be estimated 
– : sinogram, measurement

• Forward model
– Accurate model of X-ray forward projection
– Accurate noise model, weighting matrix

• Image prior model
– Regularize undesired image behavior, smoothing

x̂MAP  argmax
x0

log p(y | x) log p(x) 

 argmin
x0

1
2

y  E[y | x] W
2   s,r(xs  xr )

{s,r}C














p(y | x)
E[y | x]

W
p(x)

x RN

yRM

22
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Approach 1: Better Forward Projection Model
• Classic forward model assumes

– : linear forward projection operator
– Energy-dependent attenuation, broadness of X-ray spectrum
– Beam hardening effect, nonlinear relationship

• Our approach
– Different materials can be separated by their densities

– Two separate “material” projections

– : indicator of the j-th pixel that of high density

E[y | x] Ax
ARMN

E[y | x] h(pL ,i , pH ,i )   k ,l (pL ,i )
k (pH ,i )

l

l


k


pL ,i  Ai, j x j (1 bj )
j1

N

 , pH ,i  Ai, j x jbj
j1

N


bj {0, 1} 23

Approach 1: Joint Estimation and Correction
• Joint optimization problem

– Simultaneous image reconstruction and beam hardening 
correction as a joint optimization problem

– Use alternating optimization for    ,    and       s.

• Design joint regularization scheme

– Want neighboring pixels, and labels to be similar
– Want pixels and labels to be consistent
– Use

b  k ,lx

{x̂, b̂,  }  arg min
x0,b,

1
2

yi   k ,l (pL ,i )
k (pH ,i )

l

l


k






2

i1

M

 U(x,b)












U(x,b)
U(x,b)   s,r(xs  xr )

{s,r}C
  s,r (bs  br )

{s,r}C


 (x j T ) (1 bj ) (T  xj )bj
j1

N



T  2000 HU
24
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Approach 2: Better Noise Model (Weighting)
• A typical weighting from Poisson-Gaussian model*

– Uniform weighting scheme
– Large dynamic range when metals are present

• Novel weighting scheme

– : “percent” of contribution from high density material
– Calculated using the initial image

wi 
i

2

i  e
2 

e2 yi

e yi Ce

wi  Iie
 yi  (1 Ii )e

yi
2

Ii 
ymetal ,i

yi


Ai, j x j

(0) (x j
(0)  T )

j1

N


yi

0  I j 1

*Sauer, Bouman, TIP, Feb. 1993, Thibault, Sauer, Bouman, Hsieh, Medical Physics, Nov. 2007 
25

Approach 3: Bad Measurement Rejection
• The actual measurement can differ from the physical 

model significantly
– Due to various effects coupled together, beam hardening, 

scattering, metal partial volume, etc.
– Hard to integrate them individually

• Consider a modified model to reduce the influence of the 
defective measurement to the MBIR cost*

– is the generalized Huber function

– Use

 log p(y | x)  1
2

H L , wi yi  Ai,*x  
i1

M


H L , ()

H L , ( )   2 |  | L
2L |  | L2 (1 2 ) |  | L







  0.5, L  0.5
*Venkatakrishnan, Drummy, Graef, Simmons, Bouman, EI, 2013
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Appendix X  Program Review Presentations: Do

Sinogram-Sparsified Metal 
Artifact Reduction Technique 

(SSMART)

Massachusetts General Hospital
And Harvard Medical School

Synho Do, PhD

Clouds
SSMARTXrec

18473 
11552 

3916 1741 

23539 

8365 

0

10000

20000

30000

Xrec SSMART

CLOUDS AREA 
Water Doped Water Rubber Sheet

12469 12553 
8959 

1527 

20957 

5156 

0

10000

20000

30000

Xrec SSMART

1ST PC 
Water Doped Water Rubber Sheet

SSMART reduced cloud size. 2 
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Image Comparison

SSMART

Xrec

• Less streaking and shading artifacts
• Better homogeneous regions reconstruction
• Better segmentation 3 

Massachusetts General Hospital and 
Harvard Medical School

http://scholar.harvard.edu/synho Nationality: U.S.A. (2013~present)

4 
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Algorithm : Main Idea

Non-Metal Passing Ray

1. Don’t use bad data. Throw it away
2. Let’s use only non-metal passing rays for non-metal image reconstruction. 

(Use only Blue Ray-sums)
3. Let’s compensate metal passing ray with segmentation and re-projection.

SSMART IDEA

5 

How SSMART works ? (1/2)

Metal Component Selection
Th >Δ

Binary Map:
Red=1
Blue=0

Original Sino.

Y=HX

Simple
Projection

XY

XM
YM’

X XS=XM’ X-XS XE=(X-XS)*(XM)’

Lease-Squares solution

Thresholding,
Element wise
Logical computation

Sparse Reconstruction

Image subtraction
Element-wise
multiplication

Key Computations 

A lot of math and computation.(Back-up slide)

6 
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How SSMART works ? (2/2)
XE

Re-projection

Key Computations

Element-wise 
Subtraction

Image Reconstruction

Segmented artifacts are projected 
to Sinogram domain

Y YE Y-YE

SSMART

Note that YE has 
positive and negative 
values and not 
bounded in YM map.

7 

Streak artifacts reduction & segmentation (1/2)

Ground Truth SSMART

SSMART improved image:
1. Reduced metal size
2. Suppressed streaking artifacts
3. Cleaner homogeneous regions
4. Better segmentation

Xrec

Reduced metal size

Homogeneous regions

Streaking artifact

8 
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Streak artifacts reduction & segmentation (2/2)

SSMARTXrec

SSMART also improved Image:
1. Shading artifacts
2. Big metal boundaries

Cleaner metal 
boundaries

More uniform texture

Shading
artifact

Ground Truth

9 

Shading Artifacts & Segmentation
SSMARTXrec

Source of shading artifacts

Source of shading artifacts

Less reliable 
measurement

Less reliable 
measurement

Less reliable measurements corrupt whole fidelity term.
Hard to correct with regularization term. 
 So, better not to use.

10 
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Problem Cases
SSMARTXrec

No significant metal artifact 
but strong regularization

Removed shading artifact but 
no boundary recoverySlice #1

Slice #28

Parameter 
Selection
Problem

Need Dual
Energy ?

11 

Sparseness vs. SSMART parameters

0
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) 

Slice Number 

Metal Ray-Sums Ratio (%) 
𝑀𝑀𝑀𝑀𝑀𝑀 =

𝑛𝑛(𝑋𝑋𝑀𝑀)
𝑛𝑛(𝑋𝑋)

× 100 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
𝑛𝑛(𝑌𝑌𝑀𝑀)
𝑛𝑛(𝑌𝑌)

× 100

Slice #9 Slice #21

Slice #28

SSMART parameter adjustment needs:
1. MPR and/or MRSR
2. Metal pixel intensity
3. Metal size

12 
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Xrec

SSMART

Xrec

SSMART

13 

Summary

Strength
• Works well with small 

dense metal components.
• Great performance with a 

few objects.
• Removes low frequency 

shading artifacts.
• Improve homogeneity in 

uniform objects.

Weakness
• Not good for many metal 

components.
• Generates new streak 

artifacts when MPR & 
MRSR are high.

• Threshold sensitive.
• Additional projection 

required.

14 
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Future Research Topic
• Make a more accurate system model, which would improve 

image quality. (Currently, a pencil-beam ray model and some 
artifacts near COR)

• Test using a raw sinogram (less pre-processed) coupling with 
an accurate system model. (Currenly, ‘.clp’ is used)

• Make SSMART parameters that can be adjusted by 
sparseness measurements.(i.e., MPR and MRSR)

• Find a multi-level iterative threshold method that can be 
tested. (Currently, regardless of pixel intensity and size of 
metal, all metal pixels are treated equally) 

15 

Back-up Slides 

 

16 
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How SparseRecon works ? 
• SparseRecon is a modification of “image de-blurring” [1,2]
• Iterative shrinkage algorithm

x: image, y: sinogram, A: system matrix, 𝜆𝜆: weighting parameter, 
and

which leads to near L1-norm for small value of s>0 (s=0.0001 in 
our case).
• The new component : 𝐴𝐴 = 𝐻𝐻 Ψ,Φ
Ψ and Φ are two n x n unitary matrices. And H is a 
conventional forward system matrix

• Therefore, the algorithm becomes to minimize:

𝑥𝑥� = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑛𝑛 
1
2 𝑦𝑦 − 𝐴𝐴𝑥𝑥 2 + 𝜆𝜆𝜆𝜆(𝑥𝑥)

𝜆𝜆 𝑥𝑥 = 𝑥𝑥 − 𝑠𝑠 lo g( 1 +
𝑥𝑥
𝑠𝑠

)

𝑥𝑥� = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑛𝑛 
1
2 𝑦𝑦 − 𝐻𝐻(Ψ𝑥𝑥Ψ + Φ𝑥𝑥Φ) 2 + 𝜆𝜆𝜆𝜆 𝑥𝑥Ψ + 𝜆𝜆𝜆𝜆(𝑥𝑥Φ)

[1] M. A. Figueiredo, R. D. Nowak, and S. J. Wright, "Gradient projection for sparse reconstruction: Application to compressed sensing and other inverse problems," Selected 
Topics in Signal Processing, IEEE Journal of, vol. 1, pp. 586-597, 2007.

[2] M. Elad, B. Matalon, and M. Zibulevsky, "Coordinate and subspace optimization methods for linear least squares with non-quadratic regularization," Applied and 
Computational Harmonic Analysis, vol. 23, pp. 346-367, 2007. 17 

Xrec 
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SSMART 

21 

22 
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Appendix XI  Program Review Presentations: Kallman

LLNL-PRES-642452 VG-1

Feature Space Cloud Shrinkage 
by Iterative Reconstruction

Jeffrey S. Kallman and Harry E. Martz, Jr. 
Lawrence Livermore National Laboratory

LLNL-PRES-642452-DRAFT

For Presentation at TO3 Symposium

October 24, 2013

This work performed under the auspices of the U.S. Department of Energy by Lawrence Livermore National Laboratory under Contract DE-AC52-07NA27344. 

LLNL-PRES-642452 VG-2

• The improvements in image quality afforded by iterative reconstruction can serve 
to reduce the effects of containers and concealment (“shrink the cloud”), and thus 
should improve the PD / PFA ratio.

• The analytic reconstruction method used was EDS vendor FBP
• The iterative reconstruction method used was ray-weighted CCG
• For the material examined 

– The full cloud (including effects of container and concealment) area was reduced ~50%
– The cloud without the effects of concealment was reduced by ~38%
– The cloud incorporating only the central 90% of the points was reduced by ~48%

Summary

120

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XI



LLNL-PRES-642452 VG-3

“Bare” 
Threat

Effects of Containers

Effects of Concealment

Feature 1 Feature 1

Feature 2 Feature 2

Non-threats

Goal of DHS Funded 
Iterative Reconstruction Work

• Work performed for S&T Directorate of DHS: IAA HSHQPM-10-X-00034 SOW

• Goal was to show that iterative reconstruction techniques can reduce the 
effects of containers and concealment, and thus improve PD/PFA

• We sometimes refer to this spread as a cloud
– Part of the cloud is due to variations in material composition
– Part of the cloud is due to containers, bag parts, beam hardening and scatter
– Part of the cloud is due to issues with segmentation

Analytical Reconstruction Iterative Reconstruction

Features can include x-ray attenuation coefficients, Zeff, density, texture, kurtosis

LLNL-PRES-642452 VG-4

Background

• We used training data acquired on a vendor machine for a homogeneous material.
– 7 containers scanned unconcealed as well as concealed in 10 bags

• Used constrained-conjugate-gradient optimization technique accelerated by 
approximate error line search* for reconstruction.

• Used a third party segmentation system to extract threat objects from both the 
vendor reconstruction and the iterative reconstruction.

– This system over-segmented the reconstructed bags.
– A human unconnected with the reconstruction research was used to select the segments that 

contained the material of interest

• Features extracted for threat objects were high and low channel mode (value at 
the peak of the attenuation distribution).

• Feature space used for comparison of iterative to analytic clouds is (µhigh, Ratio 
µlow / µhigh).

• Cloud size is the area inside the convex hull of the cloud in the feature space.
– The convex hull is the smallest convex perimeter that encloses all of the points in the cloud.
– We generated convex hulls for all points (concealed and unconcealed), unconcealed points only, and 

the central 90% of the points (mix of concealed and unconcealed)
• The central 90% of the points was chosen by repeatedly generating a convex hull and removing the hull point 

most distant from the center of mass of the current point set until only 90% of the original points remained.
*  J. S. Kallman and S. G. Azevedo, “Ray-weighted constrained conjugate-gradient tomographic reconstruction for security applications,”  

LLNL-JRNL-560413, presented at the 2nd International Conference on Image Formation in X-ray CT, 2012.
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LLNL-PRES-642452 VG-5

Iterative Mode Cloud

Notes on Iterative Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10 

concealments on material
– Solid symbols are unconcealed material in various containers 
– Open symbols are concealed material in various containers and various situations

LLNL-PRES-642452 VG-6

Iterative Mode Cloud

Notes on Iterative Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10 

concealments on material
• Convex hull for all points is displayed

122

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XI



LLNL-PRES-642452 VG-7

Iterative Mode Cloud

Notes on Iterative Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10 

concealments on material
• Convex hulls are displayed for all points (black) as well as all unconcealed 

container points (orange)

LLNL-PRES-642452 VG-8

Iterative Mode Cloud

Notes on Iterative Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10 

concealments on material
• Convex hull including only the central 90% of points is shown in blue.
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LLNL-PRES-642452 VG-9

Analytic Mode Cloud

Notes on Analytic (vendor) Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10

concealments on material
– Solid symbols are unconcealed material in various containers 
– Open symbols are concealed material in various containers and various situations

LLNL-PRES-642452 VG-10

Analytic Mode Cloud

Notes on Analytic (vendor) Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10

concealments on material
• Convex hull for all points is displayed
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LLNL-PRES-642452 VG-11

Analytic Mode Cloud

Notes on Analytic (vendor) Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10

concealments on material
• Convex hulls are displayed for all points (black) as well as all unconcealed 

container points (orange)

LLNL-PRES-642452 VG-12

Analytic Mode Cloud

Notes on Analytic (vendor) Cloud
• The graph shows the effects of 7 containers (labeled C1 through C7) and 10

concealments on material
• Convex hull including only the central 90% of points is shown in blue.
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LLNL-PRES-642452 VG-13

• The improvements in image quality afforded by iterative reconstruction can serve 
to reduce the effects of containers and concealment (“shrink the cloud”), and thus 
should improve the PD / PFA ratio.

• The analytic reconstruction method used was EDS vendor FBP
• The iterative reconstruction method used was ray-weighted CCG
• For the material examined 

– The full cloud (including effects of container and concealment) area was reduced ~50%
– The cloud without the effects of concealment was reduced by ~38%
– The cloud incorporating only the central 90% of the points was reduced by ~48%

Summary
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Appendix XII  Program Review Presentations: Karimi

Metal Artifact Reduction in 
CT-based Luggage Screening 

Seemeen Karimi, UCSD 
Harry Martz, LLNL 

Pamela Cosman, UCSD 

Project Review for Reconstruction Initiative 

Executive Summary 
• We use numerical optimization to reconstruct an intermediate image, 

forward-project this intermediate image, and these forward projections 
guide the replacement of metal projections in a sinogram 

• Sinogram replacement: Naidu et al [3]  
• Intermediate image : critical component 

• Metal artifacts are reduced visually and quantitatively 
• 17 images 
• Visually: dark and bright streaks are reduced 
• Quantitative measurement was only in 37 uniform objects: σ̅ :197 => 121 HU 

• Limitation is the amount of metal (as expected) 
• Much to explore to improve the close neighborhood of metal 
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Our approach: Generate “Prior-image” 

• Ideal (noise-free, mono-energetic, etc.) 
𝐴𝐴𝐴𝐴 = 𝑏𝑏, 

where 
𝐴𝐴 is the forward model : image -> sinogram 
𝐴𝐴 is the image 
𝑏𝑏 is the scanner sinogram 

• We use constrained optimization 
• Weighted least-squares: reduced weights on metal samples 
• Constraint for beam hardening and scatter 

• Measured projections are lower than ideal 
• Regularization by total variation norm 

 

3 

Constrained optimization 

min
𝑥𝑥

 𝐴𝐴𝐴𝐴 − 𝑏𝑏 𝑇𝑇𝑊𝑊 𝐴𝐴𝐴𝐴 − 𝑏𝑏 +  𝛽𝛽 𝐴𝐴 𝑇𝑇𝑇𝑇  
s. t.  𝐼𝐼𝑃𝑃 𝐴𝐴𝐴𝐴 − 𝑏𝑏 + 3𝜎𝜎𝑠𝑠 ≽  0 

 
𝑊𝑊 : more metal => smaller weight 

𝑊𝑊 = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑤𝑤 𝑑𝑑 = exp −𝛾𝛾 𝑑𝑑𝑖𝑖𝑖𝑖

𝑇𝑇

𝑖𝑖=1
𝐼𝐼1(𝑗𝑗)  

 

𝐼𝐼1 𝑗𝑗 = 𝑓𝑓 𝐴𝐴𝑖𝑖 =  1,    𝐴𝐴𝑖𝑖  > 𝑀𝑀1
  0, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑤𝑤𝑑𝑑𝑠𝑠𝑜𝑜 

4 

I s, θ = I0exp −  𝜇𝜇𝑖𝑖
𝑖𝑖 ∈𝐿𝐿(𝑠𝑠,𝜃𝜃)

, 

𝑀𝑀1= 4000 MHU 
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The constraint: Beam hardening and scatter 
𝐼𝐼𝑃𝑃 = diag(𝑝𝑝(𝑖𝑖)) 

 

𝑝𝑝 𝑖𝑖 =
1    𝑎𝑎𝑖𝑖𝑖𝑖

𝑉𝑉

𝑖𝑖=1
𝐼𝐼2 𝑗𝑗 > 0

0 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑜𝑜𝑜𝑜
 

 
𝐼𝐼2 𝑗𝑗 =  1     𝑥𝑥𝑖𝑖 ≥ 𝑀𝑀2

0 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑜𝑜𝑜𝑜 

5 

𝜎𝜎𝑜𝑜 is the expected noise per sample. 

𝑀𝑀1= 4000 MHU 
𝑀𝑀2=10,000 MHU 
 

Practical Issues 

• Convex problem is too big to solve with solvers like Mosek: size of A 
≈106 x 105 

• Practical implementation:  
• Miniaturization: but resolution mismatch in FBP and optimal solution 
• Isolate artifacts by solving two convex problems 

          Artifacts = Least Squares  - Constrained WLS 
• Least squares matches the FBP solution re: artifacts 

6 
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7 

Forward project 

Metal Sinogram 

Weighted  
Sinogram Scanner Sinogram 

XCmini XLSmini 

XAmini 
Upsample 

+ 

+ 

− 

− 
XPrior 

Segmented  
Metal 

XOrig 

Region growing 

FBP 

Clip 

Restore  
metal 

Practical Implementation: 2 

Evaluation: Visual and Quantitative 
• Traditional evaluation of MAR is visual 

• Metal-free ground truth is unavailable 

• Quantitative evaluation:  
• Ours 

• CT distribution within regions known to be uniform (“uniform objects”) 
• We generated 2D masks for liquids, stacked sheets, blocks etc. 
• Variance decreases in MAR images, extrema closer to mean 
• KS2 test: distributions are different at 0.05 significance level 
• Autocorrelation is closer to ideal in MAR images 
• Segmentation (Region growing) followed by segmentation evaluation [13] 

• Stratovan clouds 

8 
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Results 1 

9 

Mean Std KS2 

1 843 159 0.34 

893 53 

2 769 133 037 

833 70 

3 988 162 0.14 

1019 123 

4 1025 79 0.28 

979 74 

Mean Std KS2 

1 1150 106 0.06 

1138 99 

2 910 226 0.21 

907 177 

3 1337 72 0.25 

1355 58 

4 841 90 0.35 

900 69 

Test-statistic is shown 
p-values not shown Original MAR 

KS2 : Largest difference between CDFs 

Histogram CDF Autocorrelation 

Orig 
MAR 

KS2 
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Results 2 

11 

Mean Std KS2 

1 695 201 0.42 

875 129 

2 1795 164 0.23 

1853 88 

3 1276 220 0.23 

1245 118 

4 1092 228 0.17 

1063 166 

5 1114 316 0.17 

1132 157 

Mean Std KS2 

1 917 111 0.09 

946 74 

Results 3 
Mean Std KS2 

1 1022 356 0.31 

1167 158 

2 1071 189 0.15 

1068 133 

Mean Std KS2 

1 1034 144 0.29 

1110 145 

2 929 274 0.25 

1017 117 

3 878 237 0.4 

809 90 

4 1165 244 0.48 

1416 233 

5 1167 245 0.09 

1132 145 
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Results 4: Problems 

13 

Mean Std KS2 

1 1244 143 0.73 

977 197 

2 935 306 0.56 

1245 114 

Mean Std KS2 

1 939 145 0.16 

958 91 

Results 5: Comparison with Iterative Projection Replacement 

14 

Mean of standard deviation, weighted by object size 

Number of Objects Original IPR Ours 

19 (8 images) 162 128 100 

37 (17 images) 197 * 121 

IPR Ours Original 

* Not yet done 

Iterative Projection Replacement: Verburg 2012 [9] 
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Cloud plots (Stratovan) 

Orig MAR 

Orig 

Orig 

MAR 

MAR 

σ decrease with MAR 

Rubber sheet and doped water (Stratovan) 
MAR MAR 

MAR MAR Orig 

Orig Orig 

Orig 
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Some of the above results are misleading: 
Original MAR 

Example 1 

Example 2 

Broken due to artifacts, not object properties 

Our region growing results 

18 

MAR original 

CT 

Label 

Re
gi

on
 G

ro
w

in
g 

Parameters:  
High Thresh = 3000 HU 
Low Thresh = -500 HU 
Delta = 50 HU 
Min Mass = 100 g 
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Our Segmentation Evaluation: R.G. +  

Original MAR 

0.87 0.95 

0.70 0.77 

0.69 0.83 

0.71 0.92 

0.68 0.75 

0.65 0.65 

0.73 0.76 

0.54 0.77 

0.59 0.82 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝐸𝐸𝐼𝐼𝑀𝑀𝐸𝐸𝐼𝐼𝐸𝐸𝐸𝐸𝐺𝐺𝐺𝐺 𝐸𝐸𝐼𝐼𝑀𝑀𝐸𝐸𝐼𝐼𝐸𝐸𝐸𝐸𝑀𝑀𝐸𝐸

 
Bipartite Match + Volume Recovery 

L1 error=0.27 L1 error=0.2 

Only done for images with > 1 object of interest 

Strengths and Weaknesses 

• Robustness from constrained optimization:  
• tested with 27 pieces of metal 

• Weaknesses* 

• The neighborhood of metal is not reconstructed well: L2 error is not good enough 
• Slow: Using general purpose solver 
• Thin edges are degraded if they are parallel to streaks and within or close to them. 
 
 

 
*We are working on improvements. The inherent limitation is the amount of metal in the scan, which is 
expected for any MAR algorithm 

136

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XII



Recommendation for future projects 
• New Objective Function 

• Elastic net 
• Tighten Constraint 

• Reorder the metal projections in amplitude (still convex) 
• Full-scale reconstruction 

• Alternate solvers (eg. projection onto convex sets) 
• Probabilistic iterative reconstruction 

• Substitute weight matrix with a PDF 
• Compare the properties 

• Suggestions on solving full-scale? 
• Cannot decompose & parallelize the problem 

 
 

 21 

References 
[1] Glover and Pelc, “An algorithm for reduction of metal clip artifacts in CT reconstructions,” Med. Phys., vol. 8, 1981 
[2] Kalender et al., “Reduction of CT artifacts caused by metallic implants,” Radiology, vol. 164, 1987 
[3] Naidu et al., US Patent 6,721,387, 2004. 
[4] M. Bal and L. Spies, “Metal artifact reduction in CT using tissue-class modeling and adaptive prefiltering,” Med. Phys., vol. 33, 2006.  
[5] Li et al., “Metal artifact suppression from reformatted projections in multislice helical CT using dual front active contours,” Med Phys., 
vol. 37, 2010. 
[6] Meyer et al., “Normalized Metal artifact reduction in CT,” Med. Phys., vol. 37, 2010. 
[7] F. E. Boas and D. Fleischmann, “Evaluation of two iterative techniques for reducing metal artifacts in computed tomography.” Radiology, 
vol. 259, 2011. 
[8] C. Golden et al., “A comparison of four algorithms for metal artifact reduction in CT imaging,” in SPIE Medical Imaging, Int. Society for 
Optics and Photonics, 2011,  
[9] J. Verburg and J. Seco, “CT metal artifact reduction method correcting for beam hardening and missing projections.” Phys. Med. Biol., 
vol. 57, 2012.  
[10] X. Zhang et al., “Metal artifact reduction in x-ray computed tomography (CT) by constrained optimization,” Med. Phys., vol. 38, 2011.  
[11] Y. Zhang et al., “A hybrid metal artifact reduction algorithm for x-ray CT,” Med. Phys., vol. 40, 2013.  
[12] Y. Sidky and X. Pan, “Image reconstruction in circular cone-beam computed tomography by constrained, total variation minimization.” 
Phys. Med. Biol, vol. 53, 2008. 
[13] S. Karimi, X. Jiang, P. Cosman, H. Martz, “Flexible Methods for Segmentation Evaluation: Results from Luggage Screening”, submitted to 
J. X-ray Sci and Tech, Feb 2013. 

 
22 

137

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XII



Impact of weighting  
and constraint 

23 

No metal, non-negativity 
Zhang 2011 
Solver: Mosek 

Our weights, non-negativity 
Solver: Mosek 

No metal, no constraints 
Verburg 2012 
Solver: NESTA 

Objects fused: too many projections discarded 
Intensity misrepresented 
 

Original 

Region growing results 

24 

Parameters:  
High Thresh = 3000 HU 
Low Thresh = -500 HU 
Delta = 50 HU 
Min Mass = 100 g 
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Improvement plots ? 
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Appendix XIII Program Review Presentations: LaReiviere

ALERT Reconstruction Initiative TO#3: 
Sinogram processing 

Patrick J. La Rivière and Phillip A. Vargas 

The Committee on 

Medical 
Physics 

October 24, 2013 

Doped water CCL 

Doper water CCL segmentation is improved.  
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Rubber sheet CCL 

Sheet CCL seems to suffer from two outliers (red circles).   

Water CCL 

Water CCL performance is improved. 
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Mean vs Std Dev. 

Our water cloud suffers from two outliers (red circles). 

Sheet Segmentation improvement 

XREC Sinogram prcessing 
Medium clutter 4, slice 134 
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7 

The Committee on 

Medical 
Physics 

• Patrick La Riviere, Ph.D. 
• Associate Professor of Radiology 

• The University of Chicago 

• Phillip Vargas, M.S. 
• Assistant Professor, Harold Washington 

Community College 
• Part-time research specialist, U of Chicago 

Institution and Researchers 

Algorithm 

8 

The Committee on 

Medical 
Physics 

Adaptive Filter 

FSMAR 

Sinogram Restoration 

Analytic recon 

Generalized multi-dimensional adaptive filter 
• Mark Kachelriess, et al., Med. Phys., 28:475. 
• Noise reduction 

Sinogram restoration 
• Patrick La Rivière et al., IEEE TMI, 25, p. 1022. 

Frequency Split Metal Artifact Reduction 
• Esther Meyer et al., Med. Phys., 39, p. 1904. 
• Streak reduction 

Analytic reconstruction (grdding-based) 
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Adaptive filtering 

9 

The Committee on 

Medical 
Physics 

Removes worst noise spikes from line integrals by neighborhood smoothing.   
Figure from: Mark Kachelriess, et al., Med. Phys., 28:475. 

 

Frequency-split Metal Artifact Reduction 

10 

The Committee on 

Medical 
Physics 

Combines the high frequencies of  an uncorrected image with the more reliable low 
frequencies of  an image which was corrected with an inpainting-based MAR method. 

Fig from:  Esther Meyer et al., Med. Phys., 39, p. 1904. 
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Normalized Metal Artifact Reduction 

11 

The Committee on 

Medical 
Physics 

Combines the high frequencies of  an uncorrected image with the more reliable low 
frequencies of  an image which was corrected with an inpainting-based MAR method. 

Fig from:  Meyer et al., Med Phys 37, p 5482.  
 

Sinogram restoration 

12 

The Committee on 

Medical 
Physics 

Modeling of  Poisson-dominated noise behavior and potentially many other effects 
including anode angle, off-focal radiation, afterglow, crosstalk.  
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Four potential reconstruction strategies
1. Current commercial approach: Attempt to estimate the line 

integrals from the data by standard sinogram
preprocessing/calibration techniques and then use analytic 
reconstruction to obtain the image.

2. Promising iterative approach: Attempt to estimate the line 
integrals from the data by standard sinogram
preprocessing/calibration techniques and then use iterative 
reconstruction with statistical modeling to obtain the image. 

3. Pipe dream iterative approach: Use iterative reconstruction to 
estimate the image directly from the transmission measurements 
by modeling all effects. 

4. Our approach: Use iterative methods with statistical modeling to 
estimate the line integrals and then use analytic reconstruction to 
obtain the image.

The Committee on 

Medical 
Physics 

• We have formulated CT sinogram preprocessing as 
a statistical restoration problem.
– The goal is to estimate as accurately as possible the 

attenuation line integrals needed for reconstruction 
from the set of noisy, degraded measurements. 

– We do so by maximizing a penalized-likelihood 
objective function. 

– Reconstruction is then done by use of existing 
methods.

• The hope is that one could achieve reduced noise 
and artifact levels relative to existing approaches, 
especially in low-dose and non-contrast scans. 

Our approach to sinogram processing

The Committee on 

Medical 
Physics 
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MAR alone vs MAR + Restoration 

15 

The Committee on 

Medical 
Physics 

High Clutter 3 – 130kV – Slice 222 
FSMAR 

Window [-500, 700] 

High Clutter 3 – 130kV – Slice 222 
FSMAR and SPS 

Window [-500, 700] 

Improved 
Uniformity 

Improved 
Resolution This result shows synergy of two algorithms.  

Results – Retains Resolution 

16 

The Committee on 

Medical 
Physics 

Medium Clutter 1 – 130kV – Slice 123 
Uncorrected Image  

Window [-1000, 1000] 

Medium Clutter 1 – 130kV – Slice 123 
Corrected Image  

Window [-1000, 1000] 

Reduction in 
streak artifacts 

Retention in 
resolution for 
fine lines and 
small objects 

NOTE: Retaining 
resolution can aid 
in segmentation. 
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Results – Improves Uniformity 

17 

The Committee on 

Medical 
Physics 

 
 
 

Uncorrected Image 
Window  [-100, 100] 

ROI Variance = 
 
 

LLNLPC 1b 
130kV Slice 90 

 
 

 Corrected Image 
Window  [-100, 100] 

ROI Variance = 

Improved circularity, 
uniformity and volume 

 
 
 

Uncorrected Image 
Window  [250, 600] 

ROI Variance = 
 
 

Medium Clutter 1 
130kV Slice 202 

 
 

 Corrected Image 
Window  [250, 600] 

ROI Variance = 

Improved circularity 

Results – Mitigates Object Splitting 

18 

The Committee on 

Medical 
Physics 

Medium Clutter 1 – 130kV – Slice 38 
Uncorrected Image  
Window [-500, 500] 

Reduction in 
streak artifacts 
splitting objects 

Uncorrected 
Image 

Corrected 
Image 

Some increase 
in secondary 

streak 
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Strength and Weaknesses 

19 

The Committee on 

Medical 
Physics 

• Strengths 
– Acts upon sinogram; no need for backprojection and 

reprojection.  
– This makes it fast. 

• Weaknesses 
– Multiple free parameters to optimize. 
– Hard to implement edge preserving priors in 

sinogram domain. 

Future Research 

20 

The Committee on 

Medical 
Physics 

• Apply to real security scanner data. 
• See if  metal artifact reduction step can be 

incorporated directly into the objective function 
being used. 

• Perhaps feed these results into fully iterative 
reconstruction. 
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ALERT Reconstruction Initiative TO#3: 
Sinogram processing 

Backup slides 
Patrick J. La Rivière and Phillip A. Vargas 

The Committee on 

Medical 
Physics 

October 24, 2013 

Sinogram restoration imaging model

• We assume the CT scan produces a set of measurements that are 
realizations of random variables:

Electronic noise

Dark current
Gain

Attenuation
Line integral

Scatter
Object attenuation 

map

Incident beam 
intensity

Degradation 
kernel

Spectrum

Energy bin

The Committee on 

Medical 
Physics 
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Sinogram restoration simplified imaging model

• More practically, we assume the CT scan produces a set of 
measurements that are realizations of random variables:

Beam hardening function

The Committee on 

Medical 
Physics 

Objective function
• We find the undegraded attenuation line integrals by

• Here L(l;y) is the Poisson likelihood for the adjusted 
measurements y and R(l) is the roughness penalty.

• To maximize we make use of an update derived by 
use of the optimization transfer approach (Fessler,
2000) adapting some tricks due to DePierro (1995). 

The Committee on 

Medical 
Physics 
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The update 

where

and

The Committee on 

Medical 
Physics 

Segmentation performance 

Improved segmentation accuracy but at some cost in segmentation precision.  
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Compactness 

Improved detection impact compactness for doped water.  
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Appendix XIV Program Review Presentations: Zeng

Advanced Filtered 
Backprojection

Speaker: Larry Zeng 
(Weber State University & University of Utah)

Team: Frederic Noo, Larry Zeng, and Dominic Heuscher 
(University of Utah)

October 24, 2013, 1:40 PM at Northeastern University. Boston, MA
* All images shown are provided by Dave Wiley 1

Summary
(Fast = FBP x 3)

• We used an extended FBP algorithm to 
process and reconstruct the airport bag 
data. Main goal is to reduce the metal 
artifacts

• Non-iterative; 3D volume reconstruction.
• The algorithm involves selection of some 

controlling parameters (by hand).
2
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Summary
(Effective)

• Metal streaking artifacts are reduced
• Uniformity in the uniform regions is 

improved
• Better segmentation
• Cannot completely remove metal artifacts
• But still have difficulties to resolve stacked 

sheets 3

Metrics and Clouds (1)

4
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Metrics and Clouds (2)

5

Dominic Heuscher: Research Associate, 
Radiology, University of Utah 
Frederic Noo: Professor of Radiology, 
University of Utah
Larry Zeng: Assistant Professor at Weber State 
University; Adjunct Professor of Radiology, 
University of Utah 6

UCAIR (Utah Center for Advanced 
Imaging Research) has a strong 
research team working on MRI, CT, 
PET, SPECT, and Ultrasound.
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Algorithm Development (1)

• My background: Nuclear Medicine (SPECT, 
single photon emission computed tomography) 
image reconstruction (Mentor: Grant Gullberg, 
since 1989)

• Work on Analytical (computational efficient) and 
Iterative (able to model noise and other real-
world effects) image reconstruction

• Believe that FBP one day can do as well as 
iterative algorithm in handling many real-world 
effects

7

Algorithm Development (2)
• In 2012*, found that a modified 

FBP algorithm (w/ parameter k)
is able to produce the image 
that is generated with the 
iterative algorithm using k
iterations.

• Later, found that noise weighting 
can be incorporated in the FBP 
algorithm, by making the ramp 
filter spatially variant.

8

*Zeng GL: A filtered 
backprojection 
algorithm with 
characteristics of the 
iterative Landweber 
algorithm. Med. 
Phys., vol. 39, pp. 
603-607, 2012.
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• In 2013*, made the noise weighted FBP 
computationally as efficient as the convolution 
backprojection algorithm (i.e., the filter kernel 
in the spatial domain was found).

• Later, tried to use noise-weighted FBP and 
interpolation method on metal data provided 
by this Homeland Security project. It turned 
out that they do not work well with metal data.

Algorithm Development (3)

9

* Submitted to BMP

Our Extended FBP Algorithm 
(Procedure)

• Metals need special attention

Step 1: x0= FBP recon
Step 2: x1= Metal map {0,1}
Step 3: sino1 = Forward proj. metal map
Step 4: sino2 = sino x exp (α x sino1)
Step 5: x2= FBP using sino2

Step 6: x3= Bilateral denoising

Start

End
10
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Our extended FBP 
Algorithm

• The rays not passing through metals are of high 
counts. No noise weighting is needed.

• The rays passing through metals are of wrong 
counts. Noise weighting usually over acts and 
throw out those rays. 

• If there are a lot of metals and we throw out too 
many rays, the reconstruction looks very bad. 
We ought to handle them more gently ─ not to 
throw them out, but to scale them up/down.

11

Bilateral Algorithm
• A bilateral filter is a non-linear denoising filter; it 

can preserve the edges.
• How can a filter know which is noise and which 

is edge? It doesn’t.
• The user specifies a threshold value “T”. 

If variation > T, don’t filter; If variation < T, filter

12

Zeng GL, Li Y and Zamyatin A: Iterative total-variation 
reconstruction vs. weighted filtered-backprojection reconstruction 
with edge-preserving filtering, Phys. Med. Biol. vol. 58, pp. 3413-
3431, 2013.
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Results (1) • Medium Clutter 1 – 130 kV 231

Xrec

Utah

GRAY LOW

Mean: 943.914
SD: 104.260
RMSE: 119.348
PSNR: 30.711
SNR: 9.053
SSIM: 0.991
RMSE: 104.260
PSNR: 31.885

Mean: 976.679
SD: 41.613
RMSE: 48.711
PSNR: 38.495
SNR: 23.471
SSIM: 0.999
RMSE: 41.613
PSNR: 39.863

MAN 0_0002 Med

13

Results (2) • Medium Clutter 1 – 130 kV 281

Xrec

Utah

GRAY Med

Mean: 1014.026
SD: 146.233
RMSE: 146.728
PSNR: 28.917
SNR: 6.934
SSIM: 0.986
RMSE: 146.234
PSNR: 28.946

Mean: 1064.687
SD: 51.123
RMSE: 80.889
PSNR: 34.089
SNR: 20.826
SSIM: 0.996
RMSE: 51.123
PSNR: 38.075

SEG CCL 0_0002

14
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Results (3) • Medium Clutter 1 – 130 kV 038

Xrec

Utah

SEG LLC

Mean: 1058.606
SD: 77.956
RMSE: 79.098
PSNR: 34.284
SNR: 13.580
SSIM: 0.996
RMSE: 77.956
PSNR: 34.410

Mean: 1097.961
SD: 53.745 
RMSE: 59.687
PSNR: 36.730
SNR: 20.429
SSIM: 0.998
RMSE: 53.745
PSNR: 37.640

SEG CCL ALL

15

Results (4) • Medium Clutter 1 – 130 kV 123

Xrec

Utah

SEG LLC

Mean: 1058.606
SD: 77.956
RMSE: 79.098
PSNR: 34.284
SNR: 13.580
SSIM: 0.996
RMSE: 77.956
PSNR: 34.410

Mean: 1097.961
SD: 53.745 
RMSE: 59.687
PSNR: 36.730
SNR: 20.429
SSIM: 0.998
RMSE: 53.745
PSNR: 37.640

SEG CCL ALL

16
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Results (5) • Medium Clutter 1 – 130 kV 235

Xrec

Utah

SEG CCL 1_0013

Mean: 1001.533
SD: 74.250
RMSE: 74.252
PSNR: 34.833
SNR: 13.489
SSIM: 0.996
RMSE: 74.250
PSNR: 34.833

Mean: 1034.321
SD: 26.598
RMSE: 41.858
PSNR: 39.812
SNR: 38.887
SSIM: 0.999
RMSE: 26.598
PSNR: 43.750

SEG CCL ALL

17

Strengths and 
Weaknesses

• Metal artifacts are reduced
• Noise is reduced
• Big contrast edges are preserved
• Fast (FBP x 3), non-iterative
• Metal artifacts cannot be completely removed
• Unable to resolve stacked sheets
• Can’t reduce artifacts and noise for small 

contrast objects
• Some parameters are picked by hand

18
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Recommendations for future 
research projects

• Better FBP to handle more real-world effects
• Better metal “noise” model
• Better & systematic way to select for parameters 

for metal-affected projections
• The current “parameters” are fixed for the entire 

3D volume; they can be made adaptive for each 
special region (slice).

• Automatic selection of parameters

19

20
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Appendix XV  Program Review Presentations: Martin

Structure-Preserving Dual-Energy CT
(SPDE)

Limor Martin and W. Clem Karl
TO3 Project Review

Oct. 24th 2013

Boston University Slideshow Title Goes Here

2
SPDE-Pixel

C
om

pt
on

P
ho

to
el

ec
tri

c

Ying et. al*

SPDE-Pixel Performance: SD vs. Mean of Compton and Photoelectric

* Z. Ying, R. Naidu and C. Crawford, �Dual Energy Computed Tomography for Explosive 
Detection,� Journal of X-ray Science and Technology 14 (2006), pp 235-256.

SPDE-Pixel - lower SD, better mean separation

zoom

zoom
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Boston University Slideshow Title Goes Here

3

SPDE-Pixel Performance: Photoelectric mean vs. Compton mean

SPDE results in tighter clusters!
SPDE-PixelYing et. al

SPDE-Pixel – tighter material clusters

zoom

Boston University Slideshow Title Goes Here

SPDE-Pixel Results

4

SPDE-Pixel

C
om

pt
on

P
ho

to
el

ec
tri

c

Ying et. al

(High Clutter 1 Slice 220)

WL/WW
5500/9000

WL/WW 
0.15/0.3

WL/WW 
-250/1500

Xrec 130KV

SPDE-Pixel -
Reduced noise and 
metal artifacts
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Boston University Slideshow Title Goes Here

SPDE Direct Object-based labeling

5

DE likelihood 
based labeling SPDE-Object130KV Xrec image

Metal 
corrupts 
nearby 
object 
properties

 In general, Photo-Compton images not used for 
segmentation

 Idea: Directly estimate object labels and boundaries from 
dual-energy data

 Approach: metal class, explicit boundary model, 
homogeneous object model, downweight data near metal

Boston University Slideshow Title Goes Here

SPDE-Object Results

6
(High Clutter 1 Slice 299) (Medium Clutter 1 Slice 281)

Object 
localization and 
labeling robust 
to streaks and 
presence of 
metal

Xr
ec

13
0K

V
 

S
P

D
E

-O
bj

ec
t
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Boston University Slideshow Title Goes Here

BU Team

Information Sciences and Research (ISS) Group
Research, education, and technology transfer in all areas related 
to the sensing, communication, and processing of information

7

Limor Martin, M.S.
Ph.D. Candidate 
Expected graduation: Jan. 2014

W. Clem Karl, Ph.D. 
Prof. of Electrical and 
Computer Engineering

Boston University Slideshow Title Goes Here

SPDE Method Description

 Form photoelectric and Compton pixel 
property images

 Nonlinear tomographic inversion

8

 Direct formation of material-label image 
from dual-energy images

 Learn appearance models from training 
data

 Efficient graph-cut framework for 
optimization

Pixel-Based Object-Based

Explicit 
boundary field 
to improve 
localization, 
reduce artifacts

Data weighting 
for metal effect 
mitigation

Markov field for 
smooth 
properties
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Boston University Slideshow Title Goes Here

Formulation of SPDE-Pixel

9

 Edge-preserving prior
 Iterative solution via coordinate descent
 Splitting-based, using auxiliary variables

Data

Prior

Observed 130 and 95 data sinograms Photoelectric and 
Compton sinograms

Photoelectric and 
Compton images

Mutual object 
boundary

Boston University Slideshow Title Goes Here

Low weights to rays through metal

10

130KV sinogram

Ray going 
through metal

Corresponding data weights

Data-weighting function
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Boston University Slideshow Title Goes Here

Smoothing with mutual object boundary

11

Object boundary field Compton image 

Smooth inside objects while retaining object boundaries

Photoelectric image 

Iterate 

Boston University Slideshow Title Goes Here

SPDE-Pixel Results

12
(Medium Clutter 1 Slice 123)

Metal is more 
contained

SPDE-Pixel

C
om

pt
on

P
ho

to
el

ec
tri

c

Ying et. al

WL/WW
5500/9000

WL/WW 
0.15/0.3

WL/WW 
-250/1500

Xrec 130KV
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Boston University Slideshow Title Goes Here

SPDE-Pixel Results

13
(Medium Clutter 1 Slice 231)

Reduced streaks

C
om

pt
on

P
ho

to
el

ec
tri

c

WL/WW
5500/9000

WL/WW 
0.15/0.3

SPDE-PixelYing et. al

WL/WW 
-250/1500

Xrec 130KV

Boston University Slideshow Title Goes Here

SPDE-Pixel Results

14
(High Clutter 1 Slice 299)

Smoothing inside 
objects while 
retaining boundaries

SPDE-PixelYing et. al

WL/WW 
-250/1500

Xrec 130KV

C
om

pt
on

P
ho

to
el

ec
tri

c

WL/WW
5500/9000

WL/WW 
0.15/0.3
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Boston University Slideshow Title Goes Here

Formulation of SPDE-Object 

15

2) Down-weight data 
close to metal

1) Learn appearance  models 
from dual-energy data

Boston University Slideshow Title Goes Here

Formulation of SPDE-Object 

16

Boundary-field
3) Object boundary controls smoothing:
 Smooth in areas far from an edge
 Don’t smooth across an edge
4) Efficient solution using Graph-Cuts
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Boston University Slideshow Title Goes Here

SPDE-Object Results

17
(High Clutter 1 Slice 362) (Medium Clutter 1 Slice 295)

Successful direct 
labeling from dual 
energy data in 
presence of metal, 
shading, streaking 

Xr
ec

13
0K

V
 

S
P

D
E

-O
bj

ec
t

Boston University Slideshow Title Goes Here

SPDE-Object Results

18
(High Clutter 1 Slice 239) (LLNLPC 1b Slice 090)

In presence of 
artifacts objects 
may be mislabeled, 
but localization is 
still good.

Xr
ec

13
0K

V
 

S
P

D
E

-O
bj

ec
t
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Boston University Slideshow Title Goes Here

SPDE Strengths and Weaknesses
Strengths:
 Pixel-based method reduces noise and metal artifacts in 

photoelectric and Compton coefficient images while keeping 
boundary localization

 Object-based method provides and accurate object segmentation 
and labeling even in the presence of significant streaks

Weaknesses:
 Parameter tuning is time consuming 
 Need accurate tomographic model
 SPDE-Pixel is computationally expensive
 Need sufficient training data

19

Boston University Slideshow Title Goes Here

Recommendation for Future Work

 Combine pixel-based and object-based methods in 
unified framework for improved image quality and 
accurate material labeling

 Study performance with features different than 
photoelectric and Compton (e.g. learned features)

 Extend method to more than two energies and other 
sensing modalities

20
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Boston University Slideshow Title Goes Here
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Appendix XVI Program Review Presentations: Tracey

Stabilized Reconstruction and  
Materials Identification for Dual-

energy CT

Brian H. Tracey and Eric L. Miller
Tufts University

October 24, 2013

Materials Characterization “Clouds”
Based on Stratovan Manual Segmentation
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Ellipses:
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Doped H20
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artifact
problems!
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Example Comparison to YNC
Medium Clutter 1, Slice 231

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

YNC method Patch-regularized ADMM

Example Comparison to “Legacy”
Medium Clutter 1, Slice 231 – YNC + Inpainting

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

Patch-regularized ADMM“Legacy” method
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Research Team: Tufts LaISR Group

•Tufts Lab for Imaging Science Research (LaISR)
– Inverse problems and image processing 
– Active collaboration with industry (AS&E, BBN, 
Schlumberger, consulting activities)

• This project builds on past ALERT-funded work:
–multi-energy CT reconstruction, Semerci and Miller
–patch-based denoising, Tracey

• We describe data using physics-based coefficients –
Compton scatter and photoelectric effect (PE) images

• Dual scans -> two material parameters -> material ID

Problem Description

Challenge: Physics dictate that sensitivity to PE is low; 
accurately estimating PE is difficult (recovery is unstable)

(( , , ( ) ( )( ), ) ,K pc pN a x yx a xy f E f E yEµ +)=
Compton scatter photoelectric effect (PE) 

0 20 40 60 80 100 120 140
keV

90 keV
140 keV

Legacy (YNC) dual-energy approach:
• Decompose data into Compton and PE sinograms, then FBP both
• Use a iterative, polyenergetic solution, then destreak PE
• Does not work in image space, use expected Compton/PE shape 

similarity, or use knowledge of materials (beyond values >=0)
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Iterative Dual-Energy 
Recon (patch-based 

regularization) 

Low-Energy & 
High-Energy
Sinograms

Compton
image

Photoelectric
image

Overall Processing Concept

Idea 1: Exploit spatial 
structure from stably-

estimated images

Localized, concurrent 
segmentation/recon Region of interest 

(ROI),
materials of interest

Geometry, properties 
for object of interest 

Idea 2: Iterative 
segmentation / recon to 

refine ID for key materials

ROI

    

Patch-based Regularization 
(“Idea 1”)

1) Calculate patch similarities 
from more stable Compton data 

2) Apply patch similarities to 
smooth the PE image (NLM)

3) Define regularization term 
that encourages PE estimate to 
match NLM-smoothed estimate

4) Iteratively solve equations

-Minimize data mismatch + Rnlm

-Proposed by Buades et al., 2006, 
for image deblurring

Patch for 
pixel being 
estimated
Good match
Poor match

Averaging 
weights w
~ patch 
similarity 

    

Goal: Use stable image to reduce 
effects of noise during reconstruction

178

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XVI



Why Consider Patch-based Methods?

• Previous Tufts work* sought high 
correlation between edges in 
Compton and PE

– Simulations show patch-based 
approach may perform better

• Patch methods are convex;
solvers (ADMM) allow parallel 
computation

– Not possible with edge correlation
• Better texture preservation

than penalties like Total Variation 

4

4

    

mm

m
m

Photoelectric

-20 -10 0 10 20

-20

0

20 0

1

2

3

4
x 104

mm

m
m

Photoelectric

-20 -10 0 10 20

-20

0

20 0

1

2

3

4
x 104

* Semerici and Miller, IEEE Trans Image Proc, 2012

PE image, Edge-based 

PE image, Patch-based 

Suitcase phantom, 60 dB SNR

Advantages:
• A few Gaussians can represent 

complex shapes – easier recon
• Foreground values can be 

constrained by imperfect prior 
knowledge  ,

• Focus processing on 
materials of interest

Simultaneous Segmentation / 
Reconstruction (“Idea 2”)

Model: homogenous material of interest on a varying background

where the χ is the zero-level set of a set of Gaussian “blobs”

Processing: iterative recon, updating material shape and properties

cf, pf

“foreground”
(χ=1)

cb(x,y), pb(x,y)
“background” Example “blobs”

w/ level set
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“Legacy” Dual Energy Method
Medium Clutter 1, Slice 038

YNC YNC + inpainting (“Legacy”)
• Ying, Naidu and Crawford 
2006 describes  sinogram
decomposition method

•We implemented the YNC 
solution method and 
destreaking, but not 
calibration

• Non-negativity constraints 
lead to many zeros in 
sinogram, increasing noise

• We use simple sinogram
inpainting/interpolation to 
control this; result is taken 
as “Legacy”

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

New method vs “Legacy”
Medium Clutter 1, Slice 038

Legacy
• PE shows greatest 
change

• Sharp edges are 
preserved

• Energy from streak 
artifacts is ‘smeared’ 
into  background

              Regularized ADMM

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

• Slight benefit if apply 
patch-based to 
Compton, using FBP 
result as reference
(faster solution)
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Example Region-of-Interest 
Analysis using Active Contours

• Dual-energy iterative Compton and PE 
images form “background” A)

• Region of interest (ROI) is reprocessed, 
returning extracted “foreground” object B)

• In segmented region, Compton /PE “cloud” 
is replaced by single value C)

7000 8000 9000 10000 11000 12000

0.16

0.18

0.2

0.22

0.24

0.26

0.28

0.3

B)A)

C)

Photoelectric

Example Region-of-Interest 
Analysis using Level Sets

• Dual-energy iterative Compton and PE 
images form “background” A)

• Region of interest (ROI) is reprocessed, 
returning extracted “foreground” object B)

• In segmented region, Compton /PE “cloud” 
is replaced by single value C)

• In bead region, textured object (D) is poorly 
captured by homogenous model (E)

B)A)

C)

D)

E)
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Approach Allows Higher Spatial 
Resolution near Object of Interest

• Here, 3x higher 
spatial resolution 
used to image the 
foreground (object of 
interest)

• Allows us to apply 
computation where it 
is most beneficial

• Simulation results 
(for data, we created 
project-standard 
512x512 images)

Compton Photoelectric

B
ac

kg
ro

un
d

Fo
re

gr
ou

nd
C
om

bi
ne

d

• Our main focus has been 
on stabilizing PE 

• No metal artifact 
reduction implemented –
but effects can be large

Possible solutions:
a) Include metal artifact 

reduction steps in 
processing 

b) Consider level-sets for 
localizing metal 

Problems with metal artifacts
Example: High Clutter 1, Slice 350

Legacy

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-7e4 KeV/cm

“hole”

Patch-regularized ADMM
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Problems with metal artifacts
Example: High Clutter 1, Slice 220

Legacy Patch-regularized ADMM

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-6e4 KeV/cm

“hole”“hole”

• Our main focus has been 
on stabilizing PE 

• No metal artifact 
reduction implemented –
but effects can be large

Possible solutions:
a) Include metal artifact 

reduction steps in 
processing 

b) Consider level-sets for 
localizing metal 

Pros Cons

• Much more stable reconstruction 
of PE image, reflected in tighter 
clouds for parameter estimates

• Formulated using ADMM 
approach – so parallel 
implementation is possible

Patch-based regularization methods

• Noise in PE image is “smeared”,  
increasing background levels

• Regularization scheme is less 
effective for Compton than for PE

• Metal artifacts challenging

Simultaneous segmentation/ reconstruction

• Allows use of prior knowledge 
about materials

• Reduces (eliminates!) scatter in 
material properties inside object

• Current method limited to 
homogenous objects

• Depends on good initialization
• Computation grows with ROI area
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Recommendations for Future Work

• Correct for metal!

• Patch-based regularization:
– Apply to limited-view scenarios (see final report)
– Apply to multi-energy data
– Apply to sinogram pre-processing methods, such as YNC
– Exploit convexity: explore speed gains from ADMM-type algorithms

• Level-set methods:
– Move beyond homogeneous objects to texture-based segmentation
– Explore convex formulations that would reduce sensitivity to 
initialization and allow reprocessing of entire image, not just ROI
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Subsampled data – HC1, Slice 70
Compton Photoelectric

Low/Medium “Clouds vs Method

“Legacy” Cyclic Descent

ADMM, patch PE ADMM, patch both
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• Our main focus has been 
on stabilizing PE 

• No metal artifact 
reduction implemented –
but effects can be large

Possible solutions:
a) Include metal artifact 

reduction steps in 
processing 

b) Consider level-sets for 
localizing metal 

Problems with metal artifacts
Example: High Clutter 1, Slice 350

Legacy Patch-regularized ADMM

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-7e4 KeV/cm

“hole”

New method vs “Legacy”
Medium Clutter 1, Slice 038

Legacy
• PE shows greatest 
change

• Sharp edges are 
preserved

• Energy from streak 
artifacts is ‘smeared’ 
into  background

              Regularized ADMM

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

• Slight benefit if apply 
patch-based to 
Compton, using FBP 
result as reference
(faster solution)
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• Impact on water bottle

Problems with metal artifacts
Example: High Clutter 1, Slice 220

Legacy Patch-regularized ADMM

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-6e4 KeV/cm

“hole”“hole”

• Can partially control 
Compton artifacts through 
regularization  - here, 
Total Variation

Problems with metal artifacts
Example: High Clutter 1, Slice 220

Legacy Patch-regularized ADMM
High TV on Compton

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-6e4 KeV/cm

• However, need for 
additional metal artifact 
handling

• Impact on water bottle
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Example Comparison to YNC
Medium Clutter 1, Slice 231

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-4e4 KeV/cm

YNC method Patch-regularized ADMM

• Can partially control 
Compton artifacts through 
regularization

Problems with metal artifacts
Example: High Clutter 1, Slice 220

Legacy Patch-regularized ADMM very high patch

Image dynamic range: 
Compton 0-0.5 1/cm; Photoelectric 0-7e4 KeV/cm

1) Use FBP image to 
stabilize Compton 
(patch-based)
2) Use Total Variation

• However, need for 
additional metal artifact 
handling
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Appendix XVII Program Review Presentations: Wiley

T03 Results Assessment

David F. Wiley
Deb Ghosh

Stratovan Corporation

11/20/2013

T03 Final Presentation

1

Our Task
11/20/2013

T03 Final Presentation

2

Which is better? … and why? 
(Goal is NOT to rank researchers) 

Xrec - Baseline Researcher A Researcher B 

Medium_Clutter2 - Slice.175 
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Conclusions – Accuracy Results
11/20/2013

T03 Final Presentation

3

Water Saline 
𝜎𝜎 Edge CCL Tum 𝜎𝜎 Edge CCL Tum 

Purdue / Notre Dame 

Harvard 

Tennessee 

UCSD 

Chicago 

Utah 

Boston 

Tufts 

Better Insignificant 
Change 

Worse 

We are not evaluating rubber sheets due to object philosophy problem. 

Conclusions – Compactness Results
11/20/2013

T03 Final Presentation

4

Water Saline 
𝜎𝜎 Edge CCL Tum 𝜎𝜎 Edge CCL Tum 

Purdue / Notre Dame 

Harvard 

Tennessee 

UCSD 

Chicago 

Utah 

Boston 

Tufts 

Better Insignificant 
Change 

Worse 

We are not evaluating rubber sheets due to object philosophy problem. 
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Purdue/Notre Dame – Doped Water (Better)
11/20/2013

T03 Final Presentation

5

High_Clutter1 Slice.239 

XRec Purdue/Notre Dame 

Purdue/Notre Dame – Doped Water (Better)
11/20/2013

T03 Final Presentation

6

High_Clutter1 Slice.239 

CC
L 

Tu
m

bl
er

 

XRec Purdue/Notre Dame 
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Harvard – Doped Water (Better)
11/20/2013

T03 Final Presentation

7

High_Clutter1 Slice.239 

XRec Harvard 

Harvard – Doped Water (Better)
11/20/2013

T03 Final Presentation

8

High_Clutter1 Slice.239 

CC
L 

Tu
m

bl
er

 

XRec Harvard 
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Gregor – Doped Water (Better)
11/20/2013

T03 Final Presentation

9

High_Clutter1 Slice.239 

XRec Gregor 

Gregor – Doped Water (Better)
11/20/2013

T03 Final Presentation

10

High_Clutter1 Slice.239 

CC
L 

Tu
m

bl
er

 

XRec Gregor 
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UCSD – Doped Water (Better)
11/20/2013

T03 Final Presentation

11

High_Clutter1 Slice.239 

XRec UCSD 

UCSD – Doped Water (Better)
11/20/2013

T03 Final Presentation

12

High_Clutter1 Slice.239 

CC
L 

Tu
m

bl
er

 

XRec UCSD 
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Chicago – Doped Water (Better)
11/20/2013

T03 Final Presentation

13

High_Clutter1 Slice.239 

XRec Chicago 

Chicago – Doped Water (Better)
11/20/2013

T03 Final Presentation

14

High_Clutter1 Slice.239 

CC
L 

Tu
m

bl
er

 

XRec Chicago 
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Utah – Water (Better)
11/20/2013

T03 Final Presentation

15

Medium_Clutter1 Slice.231 

Utah XRec 

Utah – Water (Better)
11/20/2013

T03 Final Presentation

16

Medium_Clutter1 Slice.231 

CC
L 

Tu
m

bl
er

 

XRec Utah 
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Impact Relationships

• Improved stddev accuracy seems to reduce 
edge contrast accuracy
– algorithms should be sensitive to object edges as 

well and try to increase contrast

• Reduced edge contrast accuracy did not 
outweigh gain obtained from improved stddev
accuracy
– segmentations were better or remained the same

11/20/2013

T03 Final Presentation

17

Impact Relationships

• Improved stddev accuracy impacted 
water/saline compactness differently. Why?
– Water: mean spread out, wider variation
– Saline: mean compacted, less variation

• Improved stddev compactness correlates to 
more compact/consistent edge contrast

• Improved edge contrast compactness 
correlates to improved segmentation 
consistency

11/20/2013

T03 Final Presentation

18
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Recommendations for the Future

• Concentrate on reducing stddev (within homogenous objects) 
while increasing edge contrast 
– This improves segmentation and ultimately feature quality.

• A single bad pixel on an object boundary can cause a 
segmentation to leak
– Try to improve the entire object boundary

• Reduced stddev may increase mean spread which can 
increase cloud size in ATR
– Look at outliers to find out what’s happening.

• Stacked sheets are an object philosophy problem NOT a 
reconstruction problem

11/20/2013

T03 Final Presentation

19

11/20/2013

T03 Final Presentation

20

The End 
 

(but there’s more slides if you have questions) 
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Analysis Process - 40GB of Data
11/20/2013

T03 Final Presentation

21

Improvement plots 

Cloud object plots 

Recon image data METRICS.txt

Improvement Over Xrec
11/20/2013

T03 Final Presentation

22

= - 

xrec

xrecres

x e
eeI

1

11 −
= xrec

y

xrec
y

res
y

y pca
pcapca

I
−

=

We should have used 𝑒𝑒12 + 𝑒𝑒22 instead of 𝑒𝑒1. We may do this for the final report. 

Compactness: Accuracy: 
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Cloud Results - Mean
11/20/2013

T03 Final Presentation

23

Date: 2013-10-10 
24h Time: 19h 25m 13s 

Group name: Xrec 

Water object points 

In general, improvement is 
indicated by a lower standard 
deviation of object mean 
values. 

Cloud Results – Mean vs. Std
11/20/2013

T03 Final Presentation

24

Water object points 

PCA Ellipse 

PCA-aligned 
bounding 
rectangle 

PCA eigen 
vector e1 (red) 

PCA eigen vector 
e2 (green) 

Improvement 
indicator arrow 

PCA ellipse area 
estimate 

PCA eigen value 
(red) 
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Cloud Results – All Objects
11/20/2013

T03 Final Presentation

25

Rubber sheet 
plot 

Doped water 
plot 

Water plot 

ATR needs to 
distinguish between 
these different 
groups. Significant 
overlap in this graph 
implies follow-on 
challenges in ATR. 
Good separation 
implies ATR will be 
more effective. 

Cloud Results – Mean vs. CCL
11/20/2013

T03 Final Presentation

26

Segmentation 
was larger 

than ground 
truth 

Ideal 
segmentation 

Segmentation 
was smaller 

than ground 
truth 
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What did we measure? – Objects!
11/20/2013

T03 Final Presentation

27

Homogenous objects should result in a single peak (i.e., stddev = 0) 
Wider peaks make segmentation harder and increase cluster size in detection 
parameter space 
Use the same segmentation mask for all researchers 

Assumption: 
Implication: 

 
Process: 

Goal is to accurately segment first then compute object characteristics. 

What did we measure? – Segmentations!
11/20/2013

T03 Final Presentation

28

Recovery fraction: 

)(
)()(

XPix
XPixAPixRA

−
=

Where: 
• A is either the CCL of Tumbler segmentation results. 
• X is the ground truth segmentation. 
• Pix() is simply the number of pixels in the segmentation 
mask. 
 
An R-value of zero is ideal. 
A negative value indicates a segmentation smaller than the 
ground truth. 
A positive value indicates a segmentation larger than the 
ground truth. 

CC
L 

Tu
m

bl
er

 

Water Sheet 
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CCL Segmentation
11/20/2013

T03 Final Presentation

29

Medium_Clutter4.242.fits.SEG_CCL_0_0013.tif Medium_Clutter4.242.fits.SEG_CCL_ALL.tif 

Left-image shows the CCL segmentation (red pixels) from the seed (white dot). In this case, the 
segmentation only obtains a small fragment of the rubber sheet due to artifacts. 
Right-images shows the complete CCL segmentation, for reference only. 

Seed 

Tumbler Segmentation
11/20/2013

T03 Final Presentation

30

Medium_Clutter4.242.fits.SEG_DEC_0_0013.tif 

Shows Tumbler segmentation results in red pixels. Tumbler uses the same seed point that is used 
in CCL. In this case, the segmentation gets the lower half of the rubber sheet, but is split by an 
artifact from the upper portion. 
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What did we measure? – Boundaries!
11/20/2013

T03 Final Presentation

31

Objects should have crisp boundaries to enable segmentation 
Low-contrast, poorly defined boundaries, makes segmentation extremely 
difficult. Abs(OuterMean-InnerMean) relates to “boundary contrast” 
Measure two thin bands of pixels at the object boundary 

Assumption: 
Implication: 

 
Process: 

Inner-band Pixels 

Outer-band Pixels Object interior 
(excluded) 

Segment here… 

Boundary Histograms
11/20/2013

T03 Final Presentation

32

Medium_Clutter4.134.fits.MAN_0_0002_HIST_BOUNDARY.tif 

Medium_Clutter4.134.fits.MAN_1_0013_HIST_BOUNDARY.tif  
Segmentation seeks to identify the boundary between red and blue regions (orange dotted line). Differentiation 
between the red and blue histogram peaks directly correlates to impact on segmentation. Good differentiation 
yields good segmentation. Poor differentiation yields poor segmentations. 

Excellent differentiation 

Ok differentiation 
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Boundary Histogram - Poor
11/20/2013

T03 Final Presentation

33

Ground truth 
segmentation 

No differentiation between peaks. This indicates 
poor boundary contrast and results in poor 
segmentations. 
 
Note: this particular situation is due to many 
contributing factors, not just reconstruction. 

Metrics
11/20/2013

T03 Final Presentation

34

Mean: 1464.989
SD: 190.060

*** Metrics with Ideal Value (from Ideals.txt) ***
RMSE: 192.109
PSNR: 26.576
SNR: 7.708
SSIM: 0.976
*** Metrics with Mean Value ***
RMSE: 190.059
PSNR: 26.669
*** Border Metrics ***
OuterMean: 168.616
InnerMean: 505.100

Medium_Clutter4.242.fits.METRICS_MAN_0_0013.txt 

This file records the metrics output for the image slice. These metrics are computed using the 
cookie-cutter segmentation. We use the top two metrics (Mean and SD) and the bottom two 
(OuterMean and InnerMean) in the cloud graphs. 
 
The difference between OuterMean and InnerMean indicates boundary contrast. 

Yellow: object interior 

Red: just outside of 
object boundary 

Blue: just inside of 
object boundary 
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Cloud Comparison
11/20/2013

T03 Final Presentation

35

Xrec results 
are not very 

good 

Most of the 
CCL 

segmentations 
miss large 

portions of the 
sheet 

Researcher 
results are 
better! 

Now, CCL 
segmentations 
capture the 
most of the 
sheet 

Cloud Interpretation

• Compactness (all clouds): this is estimated by the PCA 
ellipse. Smaller is better. Better compactness improves ATR.

• ATR Improvement (Mean vs. StdDev clouds ): you want to 
see a decrease in standard deviation.

• Segmentation Improvement (Mean vs. Recovery clouds):
you want to see object recovery clustered around the vertical 
0.

• Segmentation Improvement (Inner/Outer clouds): you 
want to see good (red/blue) peak separation in boundary 
histograms.

11/20/2013

T03 Final Presentation

36

206

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XVII



Improvement Interpretation
11/20/2013

T03 Final Presentation

37

Improvement relative 
to standard deviation 
within an object. 
Correlates to ATR and 
segmentation quality. 

Improvement relative 
to CCL segmentation. 
Implies impact on 
simple segmentation 
algorithms. 

Improvement relative 
to boundary contrast. 
Correlates to 
segmentation quality. 

Improvement relative 
to Tumbler 
segmentation. Implies 
impact on 
sophisticated 
segmentation 
algorithms. 

Improvement Interpretation
11/20/2013

T03 Final Presentation

38

Better – lower standard deviation 
for  sheet objects. 

Better – lower standard deviation 
for  water objects. 

Worse – standard deviation cluster 
increased for water objects. This 
makes ATR harder. 

Better –standard deviation cluster 
shrunk for sheet objects. 

Water objects Sheet objects 
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The Results…
11/20/2013

T03 Final Presentation

39

In no particular order … same as on 
FTP site with dual energy groups last. 

Purdue
11/20/2013

T03 Final Presentation

40

Bouman\genhuber_mixture_X1\20131019_143014_Cloud_Results 

Water: Slightly better standard deviation 
though less consistent. Slightly reduced 
and less consistent boundary contrast. 
Better segmentation accuracy and 
precision all around. 
 
Saline: Better standard deviation and more 
consistent. Slightly better boundary 
contrast. Better segmentation accuracy for 
CCL. Better segmentation precision. 
 
Sheet: Slightly better standard deviation. 
No change in boundary contrast. Slightly 
worse segmentations (stacked sheets 
problematic). 
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Harvard
11/20/2013

T03 Final Presentation

41

Do\FITS\SparseRecon\20131018_182230_Cloud_Results 

Water: Better standard deviation. 
Insignificant change to boundary contrast. 
Slightly better segmentation precision. 
Slightly better Tumbler accuracy. 
 
Saline: Better standard deviation and more 
consistent. Reduced boundary contrast but 
more consistent. No change in 
segmentation accuracy. Better 
segmentation precision. 
 
Sheet: Better standard deviation. No 
change in boundary contrast. Little change 
in segmentations (stacked sheets 
problematic). 

Jens Gregor (Tennessee)
11/20/2013

T03 Final Presentation

42

Gregor\Gregor_CGW1B5\20131018_182252_Cloud_Results 

Water: Better standard deviation. Reduced 
boundary contrast but more consistent. 
Reduced CCL accuracy but more 
consistent. Better Tumbler accuracy and 
precision. 
 
Saline: Better standard deviation and more 
consistent. Reduced boundary contrast but 
more consistent. Reduced CCL accuracy 
but more consistent. Better Tumbler 
precision. 
 
Sheet: Better standard deviation and a bit 
more consistent. Reduced boundary 
contrast but more consistent. Worse CCL 
and Tumbler segmentations (stacked 
sheets problematic). 
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UCSD
11/20/2013

T03 Final Presentation

43

Karimi\mar\20131018_182255_Cloud_Results 

Water: Better standard deviation. Slightly 
reduced boundary contrast. Better 
segmentation accuracy. No change in 
segmentation precision. 
 
Saline: Too few objects. 
 
Sheet: Better standard deviation and more 
consistent. Insignificant change in 
boundary contrast. Worse segmentation 
accuracy (stacked sheets problematic). 

Chicago
11/20/2013

T03 Final Presentation

44

LaRiviere2\C111\20131018_175843_Cloud_Results 

Water: No change in standard deviation 
but less consistent. No change in boundary 
contrast but less consistent. Better CCL 
accuracy. Less segmentation precision. 
 
Saline: Standard deviation is more 
consistent. Insignificant change in 
boundary contrast. Better CCL accuracy. 
Slightly worse Tumbler accuracy. Less 
segmentation precision. 
 
Sheet: No change in standard deviation. 
Insignificant change in boundary contrast. 
Slightly better segmentation accuracy. 
Worse segmentation precision (stacked 
sheets problematic). 
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Utah
11/20/2013

T03 Final Presentation

45

Zeng\ver4\20131018_175851_Cloud_Results 

Water: Better standard deviation but less 
consistent. Reduced boundary contrast but 
more consistent. Better segmentation 
accuracy. No change in segmentation 
precision. 
 
Saline: Too few objects. 
 
Sheet: (No stacked sheets.) Better 
standard deviation. Improved boundary 
contrast consistency. Better CCL accuracy. 
Little change in Tumbler accuracy. Better 
segmentation precision (though, no 
stacked sheets). 

Purdue – Doped Water (Better)
11/20/2013

T03 Final Presentation
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Harvard – Doped Water (Better)
11/20/2013

T03 Final Presentation
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Gregor – Doped Water (Better)
11/20/2013

T03 Final Presentation
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UCSD – Doped Water (Better)
11/20/2013

T03 Final Presentation
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Chicago – Doped Water (Better)
11/20/2013

T03 Final Presentation
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Utah – Water (Better)
11/20/2013

T03 Final Presentation
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Purdue - Rubber Sheet (Worse)
11/20/2013

T03 Final Presentation
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Purdue – Rubber Sheet (Worse)
11/20/2013

T03 Final Presentation
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XRec Purdue 

High_Clutter1 Slice.239 

CC
L 

Tu
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er

 

Stacked Rubber Sheets

• All groups had trouble with stack sheets

• We won’t show stacked sheets results for any 
more groups since they are all about the 
same

• Stacked sheets are a resolution problem, not 
necessarily a recon problem

• All groups did better on a single sheet 

11/20/2013

T03 Final Presentation
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Boston – LAC – Doped Water
11/20/2013

T03 Final Presentation
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YNC Boston 

High_Clutter1 Slice.239 

Boston – LAC – Doped Water
11/20/2013

T03 Final Presentation
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Tufts – Compton – Doped Water
11/20/2013

T03 Final Presentation
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YNC Tufts 

High_Clutter1 Slice.239 

Tufts – Compton – Doped Water
11/20/2013

T03 Final Presentation
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Tufts – Photoelectric – Doped Water
11/20/2013

T03 Final Presentation
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YNC Tufts 

High_Clutter1 Slice.239 

Tufts – Photoelectric – Doped Water
11/20/2013

T03 Final Presentation
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Everyone made progress!
11/20/2013

T03 Final Presentation
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Appendix XVIII Program Review Presentations: Karl

Discussion & Next Steps

Carl Crawford, Csuptwo
Clem Karl, Boston University

Harry Martz, Lawrence Livermore National Laboratory

1

Executive Summary

• Project has achieved its goals
– Developed new reconstruction methods for single‐ and dual‐energy 

CT‐based explosive detection equipment
– Developed methods (clouds) to assess improved imagery using 

surrogates for tuned end‐to‐end ATRs
– Developed simulation tools and standardized phantoms that will allow 

comparisons of algorithms and faster/cheaper development of new 
products

– Created a public domain database of raw and scanner meta data so 
that work on reconstruction continues after this project ends

– Trained new people to work in the explosive detection field

2
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Executive Summary

• Project has achieved its goals
– Developed new reconstruction methods for single‐ and dual‐energy 

CT‐based explosive detection equipment
– Developed methods (clouds) to assess detection performance 

(PD/PFA) using images and obviated development and testing of new 
ATRs

– Developed simulated tools and standardized phantoms that will allow 
comparisons of algorithms and faster/cheaper development of new 
products

– Created a public domain database of raw and scanner meta data so 
that work on reconstruction continues after this project ends

– Trained new people to work in the explosive detection field

3

How Good Did They Do?

• Clouds generally shrunk in area and objects 
more clustered

• Should reduce regions in classifiers leading to 
– Increased PD or decreased PFA
– Room to lower minimum mass

• Still a conjecture
• Useful to have extensible ATR and take TSL 
Certification test

4
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Common Strengths

• Understood problems caused by CT artifacts 
such as finite resolution and streaks, leading 
to merging and splitting of objects

• Helped to develop metrics based on image 
quality and segmentation

• Potential for future improvements

5

Opportunities for Improvements

• Researchers have done excellent work. 
• Domain experts applaud all their efforts
• Next slides discuss opportunities for 
improvements
– Should not be considered to be criticism of their 
work

• We bear some responsibility for weaknesses
– Corollary of Heisenberg’s Uncertainty Principle is 
that we could not observe without affecting

6
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How Far Did They Go?

• Groups were told to mainly concentrate on 
streak artifact reduction (mainly caused by 
metal)

• Other artifacts less explicitly addressed
– Low frequency shading
– Blurring

• Causes
– Beam hardening, scatter
– Finite source/detector apertures

7

Areas of Concern

• Artifacts reduced with image smoothing could 
lead to texture being modified

• Only showed that PD/PFA improvements may 
be possible

• Some algorithm paths recreated aspects of 
known methods

8
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Areas of Concern

• Artifacts reduced with image smoothing 
leading to texture being modified

• Only showed that PD/PFA improvements may 
be possible

• Just developed sinogram replacement 
algorithms with FBP replaced with IRT

9

Algorithmic Futures

• New data
– Cone beam CT
– Multi‐bin projections

• More time to work on algorithms
• Combine methods

– Example: iterative + sinogram processing

• Improve metrics
– Correlate with PD/PF (difficult)

10
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Researchers

• Publish, patent, present
• Seek additional funding from

– Vendors, DHS, TSA, ALERT

• Revise algorithms
• Address computational expense

11

Program Management

• Complete final report
• Database and problem statements into public 
domain

• Facilitate community and networking

12
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Lesson Learned

• Database creation
– More specification and documentation
– Different object sets (e.g. single sheets)
– More and earlier validation
– Frustratingly hard to get this entirely, perfectly right. 
Much time needs to be given to boring things (like 
record keeping)

• Research teams
– Fewer
– More work before end of project

13

Recommendations to DHS/TSA

• Fund additional research by researchers, 
national labs and vendors 

• Encourage vendors to engage third parties
• Choose more representative unclassified 
problems
– AIT, AT2, cargo

14
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Recommendations to National Labs

• Execute reconstruction algorithms on scans of 
threats and stream of commerce data
– Use DHS image database at LLNL

• Predict improvement on PD/PFA

15

Recommendations to Vendors

• Compare proprietary reconstruction 
algorithms to researcher algorithms

• Hire researchers, students and their 
colleagues

• Contribute to specification of more 
unclassified problems! Share your ideas for 
what is valuable and what is not.

16
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Thank you!

• Thank you to
– DHS
– Researchers
– Vendors
– Meeting participants

17

The Structure of Scientific Revolutions
Thomas Kuhn

Kuhn has made several notable claims concerning the progress of 
scientific knowledge: that scientific fields undergo periodic "paradigm 
shifts" rather than solely progressing in a linear and continuous way; 
that these paradigm shifts open up new approaches to understanding 
that scientists would never have considered valid before; and that the 
notion of scientific truth, at any given moment, cannot be established 
solely by objective criteria but is defined by a consensus of a scientific 
community. Competing paradigms are frequently incommensurable; 
that is, they are competing accounts of reality which cannot be 
coherently reconciled. Thus, our comprehension of science can never 
rely on full "objectivity"; we must account for subjective perspectives 
as well. 

18

Look forward to paradigm shifts in the near future
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Appendix XIX Program Review Presentations: Zhang

Simultaneous Iterative 
Reconstruction and Segmentation

Jun Zhang and Hongquan Zuo
Department of Electrical Engineering 

and Computer Science
University of Wisconsin, Milwaukee

(unfunded participant)

1

Results

2

XREC New Recon + Segmentation
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Method
• Objective: use segmentation to improve recon and 
vice versa

• Iterative implementation: alternating between 
segmentation and reconstruction

projection 
data

FBP (xrec) 
reconstruction

iterative
segmentation

iterative 
reconstruction

3

Limitations and Next Steps

• Limitations
– Projection model:  only considered Poisson noise
– Image model: also relatively simplistic
– Segmentation: needs to know the number of classes

• Next steps
– Incorporate other artifact models (e.g., beam‐
hardening)

– Improve image model
– Determine the number of classes from data
– Process additional cases and apply cloud metrics

4
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Appendix XX  Program Review Questionnaire: Questions

Reconstruction Project – Program Review Questionnaire 
 
Name (optional): 
 

1. What is your relationship to the reconstruction project? 
a. Researcher team 
b. ALERT team member 
c. Incumbent security vendor 
d. Other industry 
e. Government 
f. Academia 

2. What are your comments on each of the research groups? 
a. Sinogram processing, Patrick La Riviere, University of Chicago 
b. Metal artifact correction, Seemeen Karimi, University of California, San Diego 
c. Improved filtered back-projection, Frederic Noo et al., University of Utah 
d. Iterative reconstruction, Jens Gregor, University of Tennessee 
e. Iterative reconstruction, Charlie Bouman et al., Purdue University 
f. Iterative reconstruction, Synho Do, Massachusetts General Hospital 
g. Iterative reconstruction, Jeff Kallman, Lawrence Livermore National Laboratory 
h. Dual energy, Brian Tracey, Tufts University 
i. Dual energy, Limor Martin, Boston University 
j. Simulations, Taly Gilat-Schmidt, Marquette University 
k. Metrics, David Wiley, Stratovan 

3. How should computer simulations be used in the development of explosive detection 
equipment? 

4. What avenues seem the most promising for further development to you? 
5. Do you feel there is value in the availability of a common set of validated security related data 

and scanner models in the public domain? 
6. What are your additional comments on the reconstruction project? 
7. What changes should be made for future projects? 
8. What topics should be addressed in future projects? 
9. Anything else you want to add? 
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Appendix XXI Program Review Questionnaire: Results
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Appendix XXII Programmatic: Kickoff Presentation

Reconstruction Project* Kickoff 
Meeting 

Version 4
August 9, 2012

Revised, September 10, 2012
*Also known as Task Order 3 (TO3) and reconstruction grand challenge

1

Cluttered Cross Sections
 Artifacts types
 Shading
 Streaks 
 Noise
 Blurring
 Rings

Artifacts lead to
 Merging of objects
 Splitting of objects
 Imprecise density, 

volume, mass, shape
 Decreased PD
 Increased PFA

Images: top Imatron; bottom LLNL
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Reduce Cluster Size

ATR today ATR Future

“Bare” 
Threat

Effects of Containers

Effects of Concealment

Feature 1 Feature 1

Feature 2 Feature 2

Non‐threats

Goal: improved PD/PFA. 

3

Project Objectives

• Develop improved reconstruction algorithms, 
which may be deployed in the future, for CT‐
based explosive detection systems using scans 
of objects of interest on medical CT scanners
and using simulated data

• Purpose of this meeting is to, in part, to define 
the words in color in the previous bullet

4
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Meeting Rules

• Please interrupt to ask questions
• High‐level introduction
• Crawford will follow‐up with one‐on‐one 
conversations 

5

Success
• Develop improved reconstruction algorithms
• Define improved!
• Increased involvement of third parties (i.e., not 

incumbent vendors)
• Researchers receiving follow‐on funding from 

government and vendors
• It takes a village to improve national security

– Create RSNA equivalent for security
• Make DHS/TSA happy!
• Project tools (projections, images) into public domain
• Transitioning algorithms to commercial products

6
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Reconstruction Algorithms

• Iterative, statistical, model‐based 
• Filtered back‐projection (FBP)
• Pre‐processing – sinogram processing, metal 
artifact removal

• Post‐processing – streak removal
• Dual energy – decomposition and integrated 
reconstruction

Develop algorithms with medical CT scans and simulated projections.
Expect to adapt work from other fields to reduce effort.

7

Today's’ Security CT

• Many‐view (>100) scanners
• Helical, multi‐slice, 3rd generation is target = 
multi‐detector row CT (MDCT)

• However, test data may be 2D (more later)
– 3D for sheet objects

8
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Explosives

• Sheets and bulks (non‐sheets)
• Homogeneous and heterogeneous (textured)
• Explosives may be contained (liquids) and artfully 

concealed 
• Explosives are present in luggage with various 

amounts of clutter, especially with various amounts of 
metal and other highly attenuating material

• Surrogates, known as objects of interest (OOI), will be 
used in this project

9

Different algorithms can be used for different types of threat and clutter.

Systems

• TSA requires automated threat recognition 
(ATR) to detect explosives

• ATR tuned (matched filter) to CT
– Passing TSA requirement test is quite difficult
– Metrics are PD/PFA
– TSA does not use image quality metrics such as 
MTF, SSP, SNR, CNR

• Not concerned with humans resolving false 
alarms (OSR, OSARP)

10
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Improved

• Goal – system (CT scanner, recon, ATR) with
– Increased PD
– Decreased PFA
– More explosives with lower mass

• Too difficult to retrain ATR and take TSA test 
for each new algorithm ($100k per iteration)

• Project task is to develop metrics based on 
– Scans of known objects
– Segmentation step of ATR

11

Support Tasks
• Scan OOIs on a medical CT scanner and provide 
projection data

• Develop mathematical phantoms for explosives 
and luggage

• Develop simulation software
• Ground truth scans and simulations
• Define metrics for improved reconstruction 
• Implement simple/sample FBP
• Evaluate images from new reconstruction 
algorithms

12

Expect to adapt work from other fields to reduce effort.
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Objects of Interest
• Types (will be assed with metrics)

– Liquids (mainly water)
– Rubber sheets
– TBD object with texture

• Information to be supplied for all objects
– Mass, density, dimensions, volume
– Container (if liquid)
– Scans in preferred and non‐preferred orientation, and without clutter
– Ground truth (label images)
– Objects to be clearly defined to avoid object philosophy issues seen in 

segmentation initiative

13

CT is weighing machine; does not detect explosives.
Water/rubber as good as explosives for this project.

Medical Scanner
• Imatron scanner, model C‐300
• Differences from today’s security MDCT

– 5th generation – electron beam, single detector row, D‐scanning 
trajectory

– MTF: 1.6 mm FWHM 
– Non‐coplanar detector and anode rings; 0.6 degree cone angle
– No anti‐scatter plates
– Higher resolution, lower noise (may degrade)
– Scanner will be taught to researchers

• Limitations
– Single energy scanner – dual energy emulated with back‐to‐back scans
– 2D scans acquired instead of 3D scans
– Sheets in certain orientations will be contiguous slices

14
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Scanning
• Have ~200 hours of scanning
• 10% will be reserved for future scanning
• Notional scan plan exists; needs updating in part based on 

inputs from performers
• All scans step‐and‐shoot
• Contiguous slides for some sheets
• Some datasets and documentation available today

– LLNL report and Matlab reconstruction code
– Scan plan for this project
– Scans of OOI in a radio (boom‐box)
– Details on accessing present data will be forthcoming
– Offline reconstruction from Imatron

15

Simulations
• Goals

– Reduce dependency on using scanner 
– Develop common set of phantoms for comparing 
algorithms (ForBild?)

• Deliverables
– Phantom and content (non‐OOIs) descriptions
– Virtual packing software
– Simulation code and users manual

• Simulate: Imatron scanner including: finite apertures, 
quantum and electronic noise, beam hardening, 
scatter, etc.

• All material in the public domain

16
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Metrics

• Present thoughts
– Use ground truth as a cookie cutter to extract 
pixels from the object of interests

– Use manually seeded region growing algorithm to 
extract voxels

• Calculate statistics: mean, variance, histogram, 
area (density, Zeff, mass)

• TBD: how to assess texture
• Working document to be distributed soon

17

ALERT‐Furnished Information
• Medical scanner

– Scanner and reconstruction descriptions (model)
– Sample reconstruction code and user manual
– File formats
– Raw and corrected projections
– Images from vendor and from sample recon
– Ground truth
– Object description
– Packing description
– Sample forward projector (TBD)

• Simulations
– Corrected projections
– Images
– Simulation and packing code and user manual

• Scoring metrics
– Technical description
– Prototype software and user manual

18
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Common Deliverables and Functions 
From Reseachers

• Deliverables
– Presentation at symposium 
– Final report
– Monthly reports (couple of paragraphs)

• Functions
– Monthly telephone conferences

• Technical and programmatic issues
– Review documents

• Scan plan
• Acceptance criteria

– Collaborate with other researchers; this is not a competition
• Share code, knowledge and algorithms

19

Miscellaneous
• IP: researchers own
• Publications: must be approved by ALERT so no 
SSI material present. Process=REAP

• Source code: release not required
• Projection data: available to people outside of 
project (NDA required)

• Computational expense: reduction out of scope; 
but need to report

• Data not separated onto training and test sets
• Researchers will not be ranked

20
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Schedule – High Level

• 6/2012: Program funded
• 8/2012: Kickoff meeting
• 8/2012: Provide feedback on program and scan plans
• 9/2012: Metrics available
• 10/2012: Medical CT available
• 11/2012: Initial simulated data available
• 10/2013: Symposium in Boston and final reports due
• 11/2013: Final report delivered to DHS and program 

completion

21

Researchers
• Iterative reconstruction

– Jens Gregor, University of Tennessee
– Synho Do, Massachusetts General Hospital
– Charlie Bouman, Purdue
– Ken Sauer, Notre Dame

• FBP
– Frederic Noo, University of Utah
– Larry Zheng, University of Utah

• Pre‐processing
– Patrick La Riviere, University of Chicago

• Post‐processing
– Seemeen Karimi, University of California, San Diego

• Dual/Multi Energy Reconstruction and Decomposition
– Clem Karl, Boston University
– Eric Miller, Tufts University

22
Collaboration (e.g., sharing of code and algorithms) is expected.

This is not a competition!
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Support Functions
• Medical CT scanner

– Doug Boyd, Telesecurity Sciences
• Ground truth

– Rick Moore, Massachusetts General Hospital
• Phantoms and simulations

– Taly Gilat‐Schmidt, Marquette University
• FBP implementation

– Patrick La Riviere, University of Chicago
• Metrics for improved reconstruction

– Clem Karl, Boston University
• Algorithm evaluation

– David Wiley, Stratovan Corp.

23

People are task leads.
All team members are expected to participate.

Technical Leadership

• Domain (subject matter) experts
– Carl Crawford, Csuptwo
– Harry Martz, Lawrence Livermore National Laboratory
– Clem Karl, Boston University

• All technical discussions with Crawford for near 
term
– Via phone and on‐site visits
– Let Carl know if you will be in Chicago area (e.g., 
RSNA)

24
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Programmatic Leadership

• Michael Silevitch, Northeastern 
University/ALERT – co‐PI

• John Beaty, Northeastern University/ALERT –
co‐PI programmatic lead

• David Castanon, Boston University, technical 
lead for the explosives detection systems 
thrust within the overall ALERT program

25

Web site to be created to share information, code and data.

Open Issues

• What to scan?
• What information is required by the performers?
• How/where evaluations will be performed?
• Format of projection and image data?
• Raw or corrected projection data?
• Make sure researchers do not develop similar 
algorithms.

• Environment: C, Matlab, Linux
• Multi‐energy scans: only 2 required

26
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Next Steps For Researchers

• Review program documents and provide 
feedback, especially on scan plan

• Engage Carl Crawford in discussions about 
program and about deliverables

• Access initial documentation/data from 
Imatron

27

Discussion

• Questions
• Comments
• Concerns
• Issues

28
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BACKUP SLIDES

29

Attendees

• Carl Crawford
• David Wiley
• Larry Zeng
• Patrick La Riviere
• Harry Martz
• David Castanon
• Michael Silevitch
• John Beaty

• Tal Gilat‐Schmidt
• Douglas Boyd
• Rick Moore
• Synho Do
• Eric Miller
• Jens Gregor
• Fredrik Noo
• Seemeen Karimi

30
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Appendix XXIII Programmatic: Statement of Work

Statement	of	Work	
 

Research	and	Development	of	
Reconstruction	Advances	in	CT‐Based	
Object	Detection	Systems	Project	–		

Task	Order	3	
 

Version 3 

	
Conducted	by	DHS	Center	of	Excellence,	ALERT	at	

Northeastern	University	
 

 

For	
 

U.S.	Department	of	Homeland	Security	
Directorate	of	Science	and	Technology,	

Explosives	Division	
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Task Order 3 Statement of Work: Reconstruction Advances for CT‐Based EDS, Page 2 
 

2 
 

1 Executive	Summary	
The ALERT center of excellence has received funding from DHS for Reconstruction Advances in CT‐Based 
Object Detection Systems, which is also known as Task Order Three (TO3).The project will address 
improving CT‐based explosive detection equipment by improving image quality using advanced 
reconstruction algorithms to reduce artifacts that may reduce the effectiveness of automated threat 
recognition algorithms.  

DHS has requirements for future explosives detection systems (EDS) that include increased probability 
of detection and decreased probability of false alarm for a larger set of objects and with reduced 
minimum masses. The reduced minimum mass requirement is due in part to the desire to deploy EDS at 
the check‐point. The larger set of objects includes certain types of HMEs. There are indications that 
these requirements for future EDS equipment may be difficult or impossible to achieve with the 
technologies presently deployed in the field. In order to resolve these issues, DHS has adopted the 
strategy of augmenting the capabilities and capacities of the incumbent vendors of EDS equipment with 
the involvement of third parties. For the sake of this project, third parties are defined as researchers 
from academia and industry other than the incumbent vendors. In the field, EDS scanners mostly 
perform automated threat recognition (ATR) on images. Therefore, it follows that improved image 
quality should lead to better ATR results. The goal of this proposal is to involve third parties in the 
development of advanced reconstruction algorithms that could eventually be deployed by system 
integrators such as the incumbent vendors.  

The specific reconstruction algorithms that will be addressed to improve image quality are as follows. 

 Model‐based iterative reconstruction methods, such as total variation (TV) and the 
simultaneous image reconstruction technique (SIRT) 

 Pre‐processing of projection data 
 Post‐processing of images 
 Filtered back‐projection (FBP) advances 
 Decomposition and reconstruction of dual‐ and multi‐energy projection data 

The algorithms will be developed using scans of objects of interest on a many‐view medical CT scanner. 

This project is directed at artifact reduction and improved image quality which should lead to  improved 
segmentation and object recognition.  All of this work follows the recommendations made by the 
participants at the seven workshops on Advanced Development for Security Applications (ADSA). 

The work will be led by ALERT. The principal investigators for the projects will be comprised of 
researchers both within and outside of the current group of people being supported by ALERT. Subject 
matter experts (SME) will be assembled at various times to direct and review the progress of the 
projects. 

The research is designed with the following outcomes for DHS. 
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3 
 

 The program will improve image quality. The improved X‐ray CT performance from higher 
quality images may decrease minimum threat mass, increase threat population coverage, 
increased probability of detection and decreased probability of false alarm. 

 The program will increase involvement of third parties via the availability of common datasets, 
databases and tools, which will increase the work in reconstruction, and the number of students 
who can join the workforce of the vendors and DHS 

 The program will foster closer collaboration between academics, national laboratory personnel 
and incumbent security industry vendors. 

A workshop/symposium will be conducted near the end of the project so that the researchers can 
present their results to the security industry vendors, DHS and other third‐parties. 

The results of the research and the symposium will be documented in a final report for DHS. 
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2 Acronyms	and	Definitions	

2.1 Acronyms	
2D  Two‐dimensional 
3D  Three‐dimensional 
ADSA  Algorithm Development for Security Applications 
ADSA01  First ADSA workshop on the check‐point application 
ADSA02  Second ADSA workshop on the grand challenge for CT segmentation 
ADSA03  Third ADSA workshop on whole body imaging (AIT, advanced imaging technology) 
ADSA04  Fourth ADSA workshop on advanced reconstruction algorithms for CT‐based EDS 
ADSA05  Fifth ADSA workshop on fusing orthogonal technologies 
ADSA06  Sixth ADSA workshop on specific applications of fusing orthogonal technologies 
ADSA07  Seventh ADSA workshop on accelerating development and deployment of  advanced 

reconstruction algorithms for CT‐based EDS 
AIT  Advanced imaging technology. Technology for finding objects of interest on passengers. 

WBI is a deprecated synonym.  
ALERT  Awareness and Localization of Objects‐Related Threats,  

A Department of Homeland Security Center of Excellence at NEU 
ATR  Automated threat recognition 
COE  Center of excellence, a DHS designation 
CS  Compressed sensing 
CT  Computerized tomography 
DAS  Data acquisition system 
DE  Domain expert. SME is the preferred term. 
DECT  Dual‐energy CT. Multi‐energy CT (MECT) is a synonym. 
DHS  Department of Homeland Security 
EDS  Explosives detection system. An EDS is composed of a CT scanner, an ATR algorithm, and 

a baggage viewing workstation. 
FA  False alarm 
FBP  Filtered back‐projection 
HME  Homemade object 
IQ  Image quality 
IRT  Iterative reconstruction technique  
LAC  Linear attenuation coefficient 
LLNL  Lawrence Livermore National Laboratory 
MECT  Multi‐energy CT. DECT is a synonym. 
MTF  Modulation transfer function 
NEU  Northeastern University 
NIST  National Institute of Standards and Technology 
PD  Probability of detection 
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PFA  Probability of false alarm 
PI  Principal investigator. A researcher is a synonym for PI. 
SI  Segmentation Initiative 
SIRT  Simultaneous image reconstruction technique 
SME  Subject matter expert. DE is a deprecated synonym. 
SNR  Signal to noise ratio 
SOW  Statement of work 
SSI  Sensitive security information 
SSP  Slice sensitivity profile 
TBD  To be determined 
TSA  Transportation Security Administration 
TV  Total variation 
 

2.2 Definitions	
Algorithm  The mathematical steps (or recipe) used to perform a defined problem. This 

definition does not include computer code. However, when stated below that 
an algorithm is a deliverable, the deliverable includes a written description of 
the algorithms along with source code. 

Artifacts  Defects in images such as blurring, streaks, cupping, dishing and noise 
Corrected data  Raw data (projections) after being corrected for scanner and object 

imperfections, and the logarithm taken. 
Correction  A synonym for pre‐processing. 
Decomposition  Process of using multiple projection sets or images obtained with different x‐

ray spectra to develop multiple variables for ATR. 
Incumbent vendor  A company developing EDS equipment. The equipment may or may not be 

deployed in the airports in the United States. The list of incumbent vendors 
includes L‐3 Communications, Reveal Detection, Morpho Detection, Analogic, 
Rapiscan and SureScan. 

Inversion  The reconstruction step converting corrected data to reconstructed images. 
Inversion may be FBP or iterative reconstruction. 

Object  Items that need to be detected by an ODS.  
Phantoms  A numerical description of the contents of a bag. Or, a physical piece of 

luggage containing known geometric shapes. 
Post‐processing  Image processing that takes place on reconstructed images after the inversion 

step of reconstruction 
Pre‐processing  The reconstruction step converting raw data to corrected data. 
Project  A project that is performed as part of this task order. This is a synonym for 

sub‐task. 
Projection data  Collections of line‐integrals of objects. 
Raw data  Projection data directly from the DAS. 
Reconstruction  Generation of images from raw data. Reconstruction includes the steps of 

pre‐processing, inversion and post‐processing. The resulting images are 
denoted reconstructed images. 
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Researcher  A performer for projects described in this proposal. A principal researcher is 
the leader of researchers on a specific project. 

Shield  The condition when the EDS or ODS cannot view a portion of a bag because 
the x‐ray beam is extinguished of the presence of clutter. 

Sinogram data  A synonym for projection data. 
Task order  This proposal. 
Third‐party  A person not working for an incumbent vendor. In this proposal, a third‐party 

works in academia or in industry other than the incumbent vendors 
 

3 Introduction	
The research will address improving CT‐based explosive detection equipment by improving the image 
quality using advanced reconstruction algorithms to reduce artifacts that may reduce the effectiveness 
of automated threat recognition algorithms. The specific reconstruction algorithms that will be 
addressed are as follows. 

 Model‐based iterative reconstruction methods, such as total variation (TV) and the 
simultaneous image reconstruction technique (SIRT) 

 Pre‐processing of projection data 
 Post‐processing of images 
 Filtered back‐projection 
 Decomposition and reconstruction of dual‐ and multi‐energy projection data 

 
This project is directed at artifact reduction and improved image quality which should lead to  improved 
segmentation and object recognition.  All of this work follows the recommendations made by the 
participants at the seven workshops on Advanced Development for Security Applications (ADSA)1. 

The following work will be done in order to facilitate the improvement of image quality: 

 Refinement of existing CT simulation software including creation of standardized numerical 
phantoms of relevance to security applications. The simulations will result in numerical 
phantoms and projection data that can be used to assess the performance of improved 
reconstruction algorithms. 

 Generation of databases of projection and image data corresponding to scans of objects of 
interest in the presence of various amounts of clutter. The scans will be designed and produced 
to test specific aspects of the resulting reconstruction algorithms. 

 Development of acceptance criteria for image quality and segmentation algorithms. The criteria 
will be used to measure the performance of the resulting reconstruction algorithms. 

                                                            
1 The final reports for the ADSA workshops and the Segmentation Initiative (SI) can be found at: 
https://myfiles.neu.edu/groups/ALERT/strategic_studies/ 
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 Implementation of some of the segmentation step of ATR based on the prior art. The  ATR will 
be used to quantify the performance of the resulting reconstruction algorithms 

 Reconstruction of images using filtered back‐projection that match the images obtained on the 
medical scanners used to generate the above mentioned databases. These images will be used 
to benchmark the resulting advanced reconstruction algorithms.    

 Conducting a symposium so that the researchers can present their results to the incumbent 
vendors, DHS and other third‐parties.  This may begin the process of the incumbent vendors 
integrating the new reconstruction algorithms into their products. 

 Preparing a final report so that incumbent vendors and DHS can have documentation of the 
resulting advanced reconstruction algorithms. 

The researchers will be encouraged and allowed to publish and patent their work. 

4 Statement	of	Work		
The project is broken down into the following 13 tasks. A researcher or PI is designated to lead 
each task. The purpose of this section is to list the SOW for each task.  

There are common requirements for each task, as listed in Section 6. 

Some of the tasks are assigned two researchers. Either the researchers are supposed to 
perform the same tasks or the activities for each task are split between the two researchers.  

The researchers will be assisted by the three subject matter experts (SME) listed in Section 7.4. 

4.1 Task	1:	CT‐Based	Reconstruction	Research	Project	Plan	

4.1.1 Synopsis	
The PI shall develop an integrated project plan for the project.  The PI will coordinate the 
development of this plan and will provide engineering and technical review.  The PI will 
coordinate and conduct informal technical workshops with knowledgeable and interested third 
party algorithm developers as part of the planning process.

4.1.2 Specific	Activities	
1. Write an integrated project plan for this project. 
2. Conduct periodic meetings with all the researchers. 
3. Conduct a kick‐off meeting with the researchers. 
4. Provide status reports to DHS. 

4.1.3 Deliverables	
1. Statement of work (this document) 
2. Status reports 

272

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXIII



Task Order 3 Statement of Work: Reconstruction Advances for CT‐Based EDS, Page 10 
 

10 
 

4.2 Task	2:	Acceptance	Criteria	

4.2.1 Synopsis	
The PI shall develop a set of metrics that can be used to assess the performance of advanced 
reconstruction algorithms.  These metrics should address the assessment of improved image 
quality (IQ) which should lead to increased probability of detection (PD) and lowered 
probability of false alarms (PFA) which are the primary performance metrics for general EDS 
systems.  Metrics are required to assess IQ for the purposes of processing images with ATR.  
Existing metrics for medical imaging should be considered for their potential applicability to 
security screening applications. 

4.2.2 Specific	Activities	
1. Develop acceptance criteria 
2. Discuss acceptance criteria with the following people. 

a. Other researchers for TO3 
b. Researchers who worked on the Segmentation Initiative 
c. SMEs for this project 
d. SMEs working for incumbent vendors 

3. Review minutes of ADSA07. 
4. Run computer simulations if necessary 

4.2.3 Deliverables	
1. Document describing 

a. Acceptance criteria 
b. Methods for measuring acceptance criteria 

4.2.4 Notes	
The acceptance criteria may include the following features. 

1. Compactness of feature space  
2. Absence of streaks 
3. Uniformity of features 
4. Preservation of texture 
5. Contrast of boundaries of objects 

 

4.3 Task	3:	Scanner	Simulations	

4.3.1 Synopsis	
The PI shall develop a common set of numerical phantoms and tools to generate simulated 
projection data of the numerical phantoms.  The simulated data will be used so that the 
specifications of a scanner can be varied and results compared by selected researchers for this 
project.  Simulation tools that can simulate realistic security scanners are not known to exist in 
the public domain.  Therefore this task will leverage medical imaging and any non‐proprietary 
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concepts for the development of simulation tools and common numerical phantoms that can 
be published for future research purposes. 

4.3.2 Specific	Activities	
1. Review availability of existing phantoms and simulation tools 
2. Develop numeric phantoms 
3. Develop packing algorithm 
4. Develop simulation package capable of general scanner Simulate NIST phantom 
5. Design phantom that resembles a suitcase that could be physically built 
6. Verify that simulations match real scanner data. The definition of match is TBD. 
7. Support single energy and multiple energy CT scanners 

4.3.3 Deliverables	
1. Phantoms 
2. Simulated packing methods 
3. Corrected projection data 
4. Source code 
5. Document describing: 

a. Phantoms 
b. Packing algorithm 
c. Simulation methods 
d. Scanner matching 
e. User instructions for code 
f. Build instructions for code 

4.3.4 Notes	
1. The resulting code must be available without restriction to other researchers. 
2. The simulation methods shall be approved by the SMEs before implementing the methods. 
3. It is TBD if analytic ray tracing or re‐projection though sampled volumes should be used. 
4. The FORBILD phantom format2 is the preferred format for phantoms. 

4.4 Task	4:	Database	Augmentation		

4.4.1 Synopsis	
The PI shall generate databases of projection and image data corresponding to scans of objects 
of interest and phantoms.  The	scans	will	be	designed	and	produced	to	test	specific	aspects	of	the	
improved	reconstruction	algorithms. The PI will also collect a number of datasets of projections 
using different x‐ray spectra for MECT. Projection and image data from scans on medical 
scanners will be used to develop and to assess advanced reconstruction algorithms. 

                                                            
2 http://www.imp.uni‐erlangen.de/phantoms/ 
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4.4.2 Specific	Activities	

4.4.2.1 Task		4a	
1. The specific tasks can be found in the document entitled “Scanning Requirement Specification 

for Task Order 3”. However, only a notional version of this document exists at present. 

4.4.2.2 Task	4b	
1. Establish ground truth (i.e., label images) for the scans of the OOIs. The methods used to 

establish the ground truth have to be approved by the SMEs. 
2. Establish and have approved an Object Philosophy, as described in the final report for the 

Segmentation Initiative.3 
3. Establish and execute a quality assurance plan to assure the validity of date supplied to 

researchers. 

4.4.3 Deliverables	

4.4.3.1 Task	4a	
1. See the above mentioned requirement for scanning in Section 4.4.3.1. 

4.4.3.2 Task	4b	
1. Ground truth data 
2. Provide a repository for data on the internet 
3. Object Philosophy 

4.5 Task	5:	Filtered	Back‐Projection	(FBP)	Implementation	

4.5.1 Synopsis	
The PI shall implement conventional (FBP‐based) reconstruction for the corrected data 
collected on the medical CT scanner and for the projection data generated with the numerical 
simulations.  

4.5.2 Specific	Activities	
1. Develop code for FBP to match the images supplied by the scanning vendor. The definition of 

match is TBD. 

4.5.3 Deliverables	
1. Source code for FBP reconstruction implementation. 

4.5.4 Notes	
1. It is TBD if exact or approximate FBP can be used. 

                                                            
3 https://myfiles.neu.edu/groups/ALERT/strategic_studies/SegmentationInitiativeFinalReport.pdf 
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4.6 Task	6:	Iterative	Reconstruction	Algorithms	

4.6.1 Synopsis	
The PI shall identify, investigate and develop one or more iterative reconstruction algorithms to reduce 
artifacts for the security screening application.   

4.6.2 Specific	Activities	
1. Develop advanced IRT algorithms. 

4.6.3 Deliverables	
1. Advanced IRT algorithms. 

4.6.4 Notes	
1. Two PIs shall implement two different IRT methods.  
2. The two PIs shall work with the SMEs to make sure that two different types of IRT are 

developed. 

4.7 Task	7:	Pre‐Processing	Algorithms	

4.7.1 Synopsis	
The PI shall identify, investigate and develop one or more pre‐processing algorithms to reduce 
image artifacts for the security screening application.  

4.7.2 Specific	Activities	
1. Develop advanced pre‐processing algorithms. 

4.7.3 Deliverables	
1. Advanced pre‐processing algorithms. 

4.8 Task	8:	Post‐Processing	Algorithms	

4.8.1 Synopsis  
The PI shall identify, investigate and develop one or more post‐processing algorithms to reduce 
image artifacts for the security screening application.  The post‐processing algorithms should 
include modifications to conventional FBP. 	
4.8.2 Specific	Activities	

1. Develop advanced post‐processing algorithms including improved FBP. 

4.8.3 Deliverables	
1. Advanced post‐processing algorithms. 

4.8.4 Notes	
1. Two PIs shall work on this project. 
2. The first PI should address all the sources of artifacts listed in Section 5.1. 
3. The second PI should only address artifacts originating from metal and other dense objects. 
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4.9 Task	9:	Multi‐Energy	CT	(MECT)	Decomposition	

4.9.1 Synopsis	
The PI shall investigate and analyze the benefits of improved image quality by developing 
improved decomposition algorithms for MECT.  MECT is being used by vendors of EDS 
equipment in order to generate additional features for ATR. The basis of MECT is to collect a 
number of datasets of projections using different x‐ray spectra or energy selective detectors.  
The PI shall investigate the benefits of MECT decomposition. 

4.9.2 Specific	Activities	
1. Develop advanced MECT decomposition algorithms 
2. Implement the methods of Ying et al.4, to generate ground truth data. 

4.9.3 Deliverables	
1. Advanced MECT decomposition algorithms 
2. Images reconstructed with the methods of Ying et al. 

4.9.4 Notes	
1. The decomposed data should be assessed by FBP and IRT. 

4.10 Task	10:	Multi‐Energy	CT	(MECT)	Iterative	Reconstruction	

4.10.1 Synopsis	
The PI shall also identify, investigate and develop one or more iterative reconstruction 
algorithms that perform decomposition as part of the reconstruction.   

4.10.2 Specific	Activities	
1. Develop an IRT that uses projections obtained at least two spectra and generates images of two 

basis functions. 

4.10.3 Deliverables	
1. Advanced IRT that includes MECT decomposition 

4.10.4 Notes	
1. Two PIs shall work on this task. 
2. The two PIs shall work with the SMEs to make sure that two different types of IRT are developed 
3. It is TBD how many spectra will be available. 

                                                            
4 Ying, Z., Naidu, R., and Crawford, C., "Dual Energy Computed Tomography for Explosive 
Detection," Journal of X-ray Science and Technology, vol. 14, 2006, pp. 235-256. 
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4.11 Task	11:	Automatic	Threat	Recognition	(ATR)	Development	and	Interim	
Report	

4.11.1 Synopsis	
The PI shall develop the segmentation steps of ATR based on prior public domain information 
to be used in conjunction with the results of Tasks 5 through 10 as a mechanism to evaluate the 
potential or actual improvements in image quality. The purpose of this task is to develop a 
public segmentation algorithm that is sufficient for testing improved image quality and to make 
that code available to the broader academic community, industry and government agencies. 
The step of segmentation includes the estimation of object features such as mass, density and 
volume. Development of a complete ATR is beyond the scope of this project. 

4.11.2 Specific	Activities	
1. Develop segmentation step of ATR based on connected component labeling (CCL) and 

mathematical morphology. Code for these steps will be supplied by ALERT to the PI. 
2. Adapt segmentation methods, which were developed for the Segmentation Initiative, to TO3. 
3. Evaluate the reconstruction methods developed in the other tasks. 

4.11.3 Deliverables	
1. Evaluations of reconstruction methods. 
2. Code for segmentation algorithm based on CCL. 

4.11.4 Notes	
1. LLNL will also evaluate the resulting reconstruction algorithms. Funding for this activity will be 

provided directly to LLNL from DHS. 

4.12 Task	12:	Symposium	for	Demonstration	of	Reconstruction	Algorithms	

4.12.1 Synopsis	
The PI shall coordinate and conduct an informal technical symposium or demonstration of the project 
research results for the vendors of security equipment and interested government agencies. 

4.12.2 Specific	Activities	
1. Coordinate and moderate symposium 

4.12.3 Deliverables	
None. 

4.13 Task	13:	Complete	Final	report	

4.13.1 Synopsis	
The PI will write a final report for the project. 

4.13.2 Specific	Activities	
1. Write final report. 
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4.13.3 Deliverables	
1. Final report 

5 Common	Elements	

5.1 Artifact	Sources	
The following sources of artifacts should be considered in each task. They will be more or less important 
depending on the focus of the task. For example, artifacts will be less important to the Scanner 
Simulation Task and more important for the Pre‐Processing and Post‐Processing Algorithm tasks. 

 
Name  Cause  Image Artifacts 

Scatter  X‐ray photons scattering between multiple 
objects and reaching the detector 

Shading, noise, blurring 

Beam hardening  Poly‐energetic incident x‐ray spectrum 
interacting with objects having varying 
energy‐dependent attenuation functions 

Shading 

Photon starvation  Object attenuates sufficient photons so that 
detector only measures electronic noise 

Shading, streaks 

Electronic noise  Electronic noise in detector is greater than 
the quantum noise 

Noise, streaks 

Nonlinearities  Gain of detector is nonlinear with flux  Shading, rings 
Crosstalk  Energy leaks between detectors due to x‐

ray, optical and electronic couplings 
Blurring, streaks, rings, noise 

Primary speed  Finite impulse response of detector and 
electronics leads to low pass filtering of the 
projections 

Blurring 

Afterglow  Trapped charge in a detector is released at 
various time constants 

Blurring, streaks, rings 

Bad channels  Detector and DAS channels are not working 
and the values have to be estimated 

Blurring, streaks, rings, noise 

Radiation damage  Gain of a detector is reduced because of 
trapped charge 

Shading, rings 

Dark current drift  There is a constant current in some 
detectors that must be subtracted using 
calibration values. If the current drifts with 
time, then the calibrations will be incorrect. 

Shading, streaks, rings, 
bias/intensity ramp. 

Temperature   Changes gains of detector and DAS  Shading, streaks, rings, 
(thermal) noise 

Sampling  A finite number of views and detectors lead 
to aliasing. 

Streaks, blurring 

Presence of metal  Sufficient amounts of metal cause photon 
starvation, scatter and beam hardening 

Shading, streaks, noise, 
blooming 

Edge and z‐gradients  Long flat surfaces in‐plane and high‐contrast 
objects partially protruding into an image 

Streaks 

Quantum noise  Quantum statistics of x‐rays  Noise 
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Name  Cause  Image Artifacts 
Focal plot size, tilt and 
anode angle, off‐focal 
radiation 

Due to how electrons are focused on an 
anode and how the anode is shaped 

Blurring 

Detector apertures  Detectors have finite sizes. There are also 
septa between detectors limiting geometric 
efficiency. 

Blurring, noise 

Cone‐beam divergence   2D detectors are employed with a single 
focal spot. This leads to cone beam 
projections, which is contrasted to no 
divergence if a 1D detector is used. Some 
reconstruction algorithms may not handle 
the divergence correctly. 

Shading, streaks, blurring, 
blooming 

Truncated projections  The 2D projections may be truncated in the 
axial or azimuthal directions because of the 
finite size of the detectors. Reconstruction 
algorithms may not be able to handle this 
divergence. 

Shading, streaks. 

Photon counting pile‐up 
and dead‐time 

These are artifacts caused in photon 
counting detectors, which are not widely 
used at present in EDS equipment. Pile‐up is 
when two photon events happen at about 
the same time. Dead time is the time 
required to collect the charge from a photon 
event. 

Shading 

Radon insufficiency   Sampling pattern for source locations may 
not satisfy the mathematical basis of the 
reconstruction algorithms. 

Shading, streaks 

 

5.2 Object	types	and	configurations	
The researchers should consider the following object types and configurations in their tasks. The objects 
and the configurations will be more or less important depending on the focus of the task. For example, it 
will be important to decide what objects and how they will be configured, when the database is 
augmented and less important to the Scanner Simulation task. 

1. Sheets  
2. Bulks (not sheet) 
3. Homogenous 
4. Heterogeneous 
5. Scanned bare (without clutter and containment) 
6. Scanned with clutter and concealment 
7. Asymmetric and symmetric shapes 
8. With asymmetric shapes aligned with the axis of conveyor belt travel and in‐plane 

The types of heterogeneity to be considered include the follow. 
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1. Voids 
2. Inclusions (hyper‐ or hypo‐dense) 
3. Folds 
4. Cracks 
5. Low frequency density differences (e.g., tamping when inserting powders into containers) 
6. Density changes in bulk around boundary to void/inclusion 
7. Changes in shape at boundaries of objects 

a. Shrinkage near container 
b. Viscous layer 

 
Notes 

1. The characteristics of the above objects will be specified parametrically.  

6 Common	Requirements	

6.1 Common	Supplied	Materials	
1. Results of scans of objects of interest, phantoms and clutter material on a medical CT scanner: 

a. Raw data and/or corrected projection data 
b. Calibration data (e.g., air and offset) 
c. Vendor‐supplied reconstructions 
d. Description of each scan 

2. File formats 
3. Description of all scanned objects 
4. Scanner parameters 
5. Description of vendor reconstruction 

6.2 Common	Activities	
All of the researchers are required to perform the following activities. 

1. Write a project plan addressing the following topics. 
a. Objectives 
b. Scope 
c. Deliverables 
d. Acceptance criteria 
e. Methods 
f. Schedule 

2. Revise the project plans based on feedback provided by the SMEs. 
3. Participate in a project kickoff meeting via a web conferencing 
4. Participate in periodic tele‐conferences via a web conferencing 
5. Provide monthly written status reports. 
6. Review the scan plan for collecting CT data 
7. Review the acceptance criteria for determining better image quality 
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8. Present results at a symposium (travel expense paid by researcher) addressing the following 
topics. 

a. Objectives 
b. Results 
c. Methods 
d. Computational expense and potential for reduction/acceleration 
e. Recommendations for future work. 

9. Write a final report addressing the following topics. 
a. Objectives 
b. Results 
c. Methods  
d. Computational expense and potential for reduction/acceleration 
e. Recommendations for future work 
f. Biographies of members of research team 
g. Bibliography 

10. Host visits by the SMEs 
11. Collaborate with other researchers as necessary 

6.3 Common	Deliverables	
All of the researchers are required to deliver the following material. 

1. Project plan 
2. Presentation for symposium  
3. Status reports 
4. Final report 
5. Code 

a. Source code 
b. Executable 
c. Build instructions 
d. User’s manual 

6.4 Common	Technical	Details	
All the Tasks described in Section 4 have the following common requirements. 

1. Consider all artifact sources as indicated in Section 5.1 
2. Consider all object types and configurations as indicated in Section 5.2.  
3. Algorithms may be optimized or designed differently for different types and configurations of 

objects. For example, there may be different reconstruction algorithms for sheet and bulk 
objects. 

4. Algorithms should be tested on projection data collected on medical CT scanners and also using 
simulated projection data. 
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6.5 Common	Computational	Requirements	

6.5.1 Environment	
All algorithms shall be written for one of the following two environments. 

1. Matlab 
2. C running under Linux 

All programs shall execute with options on a command line. A graphical user interface (GUI) shall not be 
used. 

6.5.2 Data	Formats	
1. Images: TBD 
2. Sinograms: TBD 

6.6 Common	Notes	
1. There are no requirements on the execution speed for algorithms. 
2. Researchers shall describe their computational environment and the execution times of their 

algorithms. 
3. It is TBD if helical cone beam data and/or step and shoot data will be used in this project. 
4. If helical cone beam data is used in the project, it is TBD if fully 3D or approximate 2D methods 

can be used. 
5. An online repository will be supplied for this project that includes the following information. 

a. Documents 
b. Schedules 
c. Data 
d. Chat services 
e. Mailing lists 

7 Technical	Leadership	and	Program	Management	

7.1 Principal	Investigator	
The PI for this project will be Michael Silevitch, NEU, ALERT co‐Director. 

7.2 Technical	Lead	
The technical lead for this project will be Carl Crawford, Csuptwo, LLC. 

7.3 Program	Management	Lead	
The program management lead will be John Beaty, Director of Technology Development for ALERT.  

7.4 Subject	Matter	Experts	(SME)	
The leadership team will be assisted by the following SMEs. 

1. Carl Crawford, Csuptwo, LLC 
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2. Harry Martz, Lawrence Livermore National Laboratory 
3. W. Clem Karl, Boston University 

The SMEs will seek advice and guidance from the incumbent vendors. 

8 Schedule	
[The schedule needs to be updated] 

9 Contractual	

9.1 Contract	
Researchers will have to sign a contract that stipulates the following. 

1. CT data cannot be distributed to other parties. 
2. Resulting intellectual property is owned by researcher 
3. Publication of results is permissible after review by ALERT. 
4. Publications may not discuss the following topics 

a. Connection to actual explosives 
b. Difficulties in achieving PD requirements 
c. SSI information 
d. Classified information 

9.2 Funding	types	
Researchers may receive funding using the following mechanisms. 

1. Grant through an academic institution. This is a fixed price contract. Institutional overhead will 
not be covered by ALERT/NEU. 

2. Consultant to NEU 
3. Purchase order to a commercial company  

10 Revision	History	

10.1 Version	2	
First release. 

10.2 Version	3	
1. Changed language on institutional overhead. 
2. Numerous changes based on comments supplied by WCK. 
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1. Introduction
In this project, we have developed a novel metal artifact reduction algorithm using 
Electron Beam Computed Tomography (EBCT) scanner data (i.e., IMATRON C300).
The algorithm takes advantage of accurate forward system model-based Iterative 
Reconstruction Technique (IRT) and compressed sensing theory to reconstruct images 
from incomplete data set. (i.e., Sparse Ray-Sums). 

The proposed algorithm, Sinogram Sparsified Metal Artifact Reduction Technique 
(SSMART), has shown robust and effective metal artifacts reduction results (i.e., 
streaking artifacts, low frequency shadowing artifacts etc.) with sparse sinogram data in 
even high clutters cases. The SSMART results were compared to Xrec (i.e., FBP) results 
by visual inspections and segmentation algorithms (i.e., CCL and Tumbler) developed by
Stratovan. Multiple objects (i.e., Water, Doped water, and Rubber sheet) were segmented 
and compared with ground truth segmentations and the performance of the segmentations 
ware displayed in a clouds plot.

2. Clouds
In the clouds plot, SSMART reduced clouds as a sign of better image reconstruction.
The clouds plot was one of metrics we used to evaluate the image quality of SSMART
compared to that of Xrec. Stratovan will explain the detailed procedures of how to 
generate clouds and then we will explain how we utilized them in our evaluation.

The reconstructed images, which were selected by an advisor group for this project, were
uploaded to the ftp site at Boston University. A segmentation and evaluation server in 
Stratovan connected to the site and automatically generated clouds analysis and 
segmentation results. The results are displayed in Figure 1.
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Figure 1. Clouds: SSMART reduced clouds sizes. Top left: Xrec clouds. Top right: 
SSMART clouds.  Two factors (clouds area and 1st principal component) were compared 
in the plots.

As shown in Figure 1, three class clouds (i.e., Water, Doped Water, and Rubber Sheet) 
were displayed in the plots by mean (X-axis) and standard deviation (Y-axis). Each class 
is composed of multiple small dots. Each dot represents the segmentation result for a
single object. To form a cloud, the distribution of multiple measurements (=dots) was 
calculated for each class from multiple slides for Xrec and SSMART independently.

Firstly, the clouds area were calculated and plotted to show significant area reductions in 
SSMART from all three classes. The cloud area of Water class in the Xrec image was
originally 18473, yet reduced to 11552 in SSMART. The cloud area of Doped water in 
the Xrec image was 3916 and recued to 1741 in SSMART. The cloud area of Rubber 
sheet in the Xrec image was 23539 and reduced to 8365 in SSMART. Secondly, the first 
Principal Component (PC) values were also calculated to measure the longer diameters of 
ellipsoids in the clouds. As shown in the bottom right plot in Figure 1, the PC-1 was 
increased a little in SSMART for Water class from 12469 to 12553, but all other PC-1s 
were decreased significantly for both Doped water class (from 8959 to 1527) and Rubber 
sheet class (from 20957 to 5156). Thirdly, the outliers in the Xrec clouds plot disappeared 
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in the SSMART. Also, the few dots that were near 600 (Y-axis) in the Xrec plot went 
down to ~ 300 in SSMART plot, making the clouds more compact.

3. Image Comparison

Figure 2. Image comparison. The metal artifacts in Xrec images are suppressed in 
SSMART and object segmentation accuracies are improved in SSMART.

It is important to observe images visually as radiologists do. In this study, metal artifacts 
in Xrec are noticeably suppressed in SSMART.
In Figure 2, we compare SSMART with Xrec in the same contrast window. Also, 
Tumbler segmentation outputs from the same slices are compared in Figure 2.

As we marked with arrows in Figure 2, the streaking artifacts in the Xrec images were 
significantly reduced in SSMART images. The low frequency shading artifact in the top 
middle image was also suppressed in the SSMART image. The boundaries of metal 
components were clearly defined in SSMART images as compared to the fuzzy 
boundaries in the Xrec images. However, SSMART images look more blurry overall 
because of strong regularization.
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Figure 3: Additional images with Tumbler segmentation results. SSMART images show 
better definition of objects in terms of clearer boundaries and homogeneity in texture,
resulting in better Tumbler segmentation.

Even though the strong regularization in SSMART caused images smooth, the 
segmentation results from SSMART are superior to those from Xrec as shown in Figure 
3. Note that one of the most important conditions of good image segmentation is the 
removal of artifacts.

4. Research Institute and Researcher
The department of radiology at Massachusetts General Hospital (MGH) is the biggest and 
the most prestigious medical imaging research center in the world. 

The PI of this project, Synho Do, PhD, is an Assistant in Physics at Massachusetts 
General Hospital, where he is a technical committee member of Webster Center for 
Advanced Research and Education in Radiation, and Instructor at Harvard Medical 
School. Dr. Do received the Ph.D. degree in Biomedical Engineering from University of 
Southern California. He is currently a member of IEEE Signal Processing Society, Bio-
Imaging and Signal Processing (BISP). He is a MGH site PI for nVidia CUDA Research 
Center (CRC). Dr. Do's current research interests include statistical signal and image 
processing, estimation, detection, and medical signal and image processing, such as 
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computed tomography. He has been a Co-Investigator for multiple medical imaging 
projects, and Co-PI/PI on medical (i.e., GE, Siemens, and Philips etc) and security (i.e., 
DHS, DARPA etc) image reconstruction projects.

5. Algorithm
The main idea of SSMART is not to use less reliable ray-sums, which pass metal 
components, in the fidelity term calculation. The metal passed ray-sums go through beam 
hardening, spectral shifting, intensity clipping and other nonlinear effects, making it very
difficult to correct all of these alterations with the measurements from an energy 
integration detector.

As shown in Figure 4, when there are artifacts (red masked regions) we focused on using
blue rays that do not pass through metal components. In order to use only reliable data, 
we had to develop a decision rule to determine metal passed ray-sums on image domain 
and an image reconstruction method to reconstruct non-metal component only image 
without additional artifacts. In this reconstruction problem, the number of measurements
became smaller than the number of unknowns, making it an underdetermined problem.
As a result, we developed a Sinogram-Sparsified Reconstruction to solve this problem.

The flow diagram of SSMART is depicted in Figure 5. The original sinogram (Y) is the 
input of this algorithm. We had many choices of sinogram to use in the IMATRON 
scanner. We decided to use a sinogrm with ‘.clp’ extension, which is the sinogram  in 
front of rebinning process. 

Figure 4: Main ideas of SSMART
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SSMART is comprised of three conceptual blocks. 1) Metal component selection, 2) 
Sparse image reconstruction, and 3) Compensation. Each block can be replaced with an 
alternative method. For example, any fast Xrec-type analytic reconstruction methods can 
be used for initial reconstruction in the metal component selection. Also, we can do the 
compensation on image domain too.  However, we explain the original algorithm we 
developed for this project in Figure 5:

a. Initial image reconstruction: The least-squares (LS) solution is calculated by using 
whole ray-sums on the sinogram for an initial image reconstruction. However,
this initial image can be replaced with Xrec or any other analytically 
reconstructed image to save computation time. Note that we need to generate an 
un-clipped image. (Usually, there are clippings on metal components because of 
limited 12-bit resolution on image.)

b. Thresholding: We determined a threshold value based on the inspection of the 
metal components’ intensities on image domain. (i.e., th=0.1)

c. Save metal component mask: We saved the metal component mask for a later 
process.

d. Forward projection: We projected the segmented metal components onto the 
sinogram domain and made a binary decision to acquire a sinogram domain mask.

e. Sinogram-Sparsified Image Reconstruction (SSIR): We used the sinogram 
domain mask to remove metal passed ray-sums in our image reconstruction 
process. We also implemented an iterative shrinkage algorithm for our SSIR. The 
advantage of this algorithm is to keep the image quality intact even in the process 
of sparse ray-sum image reconstruction. We used the Haar wavelet basis to keep 
images from being damaged. (Appendix 1)

f. Isolation of artifacts: The non-metal image ( ) was subtracted from the initial 
image ( ) and then multiplied by the complement of metal mask ( ), thus 
isolating the artifacts ( as shown in the red box in Figure 5.

g. Re-projection: We re-projected the error image onto the sinogram domain for 
artifacts compensation (i.e., ). 

h. Final image reconstruction: We used the same SSIR (e) again for the final image 
reconstruction with the corrected data for simplicity, but any analytic image 
reconstruction algorithm can be replaced here with SSIR to shorten the process.

Table 1. Estimated computation
Computation Original algorithm Alternative algorithm (simple)

a. Initial image reconstruction N x (P+B)=2NP B(=P)
b. Thresholding 1 1

c. Save metal component mask 0 0
d. Forward projection P P

e. SSIR N x (P+B)=2NP 2NP
f. Isolation of artifacts 1 1

g. Re-projection P P
h. Final image reconstruction N x (P+B)=2NP B(=P)

Total (6N+2) x P+2 (2N+2) x P+2

P: Projection, B: Back-projection (P=B), 1: element wise addition or subtraction
N: N-repetition of computation (determined by a stopping rule)
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Figure 5: The flow diagram of SSMART.
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6. Results and Discussions
The proposed SSMART suppressed metal artifacts effectively, improving the accuracy in 
the following Tumbler segmentation.

For a comparison, Stratovan used the same parameters and seed points for the 
segmentation of both Xrec and SSMART. The ground truth images were manually 
prepared for validation as shown in Figure 6.  Thirty slices of sample cases were selected 
from medium and high clutter scans.

Notice that the segmentation results displayed in Figure 6. The streaking artifacts were 
suppressed notably in the regions indicated by arrows. As we described in the yellow box 
in the Figure 6, SSMART improved images in the following ways:
1) Reduced metal size
2) Suppressed streaking artifacts
3) Produced cleaner homogeneous regions
4) Suppressed shading artifacts 
5) Produced better metal boundaries 
6) Produced more homogeneous regions.

As shown in the Figure 7, the rays passing through metal components are less reliable in 
term of data consistency. When less reliable data is included in the fidelity term, it
deteriorates the whole calculation of fidelity term. Eventually, it causes artifacts and 
makes is difficult to correct using only the regularization term. Therefore, it is better not 
to use in the fidelity term calculation for non-metal component image reconstruction. The 
object segmentation results using SSMART in Figure 7 showed outstanding
improvements.
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Figure 6. Streak artifacts reduction results.
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Figure 7. Shading artifacts reduction for object segmentations.

Figure 8. Metal Pixel Ration (MPR) and Metal Ray-Sums Ratio (MRSR) for parameter 
selection.
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In Figure 8, we calculated Metal Pixel Ratio ( ) and Metal Ray Sums 

Ratio ( ) to analyze how sparseness on image domain could be 
changed on sinogram domain.  As shown in Figure 8, the slice #28 shows very low MPR 
and low MRSR (red box in the plots). Interestingly, the slice #9 (blue circle) has a bigger 
MPR value compared with that of slice #21 (yellow circle) in the MPR plot while the 
values of MRSR for both were almost the same.

In this study, we used the same reconstruction parameters for all slices regardless of the 
MPR and MRSR of each slice. In future, we will be looking into developing a parameter 
selection criteria based on the MPR and MRSR of each image.

7. Summary
The distinguishing novel features of SSMART are: 
1) To use location indexing (=masking) in both image domain and sinogram domain,
2) To develop novel Sinogram-Sparsified Iterative Reconstruction (SSIR) method
3) To develop artifacts isolation and compensation methods.

To summarize, Table 2 outlines the strength and weakness of SSMART. 

Table 2. The strength and weakness of SSMART
Strength Weakness

• Works well with small and dense 
metal components

• Great performance with a few metal 
objects

• Removes low frequency shading 
artifacts

• Improve homogeneity in uniform 
objects

• Need improvements for many metal 
components

• Generates new streak artifacts when 
MPR and MRSR are high

• Threshold sensitive
• Additional projection required

8. Future Research Topics
In future, we would like to improve SSMART by the following:

1) Make a more accurate system model which would improve image quality.
(Currently, we use a pencil-beam model which produces some artifacts near the 
center of the rotation.)

2) Test using a raw sinogram (less pre-processed) coupling with an accurate system 
model. (Currently, we use a sinogram with ‘.clp’ extention, which is heavily pre-
processed.)

3) Make SSMART parameters that can be adjusted by sparseness measurements. 
(i.e., MPR and MRSR)
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4) Find a multi-level iterative threshold method that can be tested. 
(Currently, regardless of pixel intensity and size of metal, all metal pixels are 
treated equally.)

9. Appendix

Appendix 1
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I. INTRODUCTION

This report describes results obtained by applying an iterative reconstruction algorithm known as SIRT
(Simultaneous Iterative Reconstruction Technique) to several luggage datasets acquired on an Imatron C300,
a fifth generation CT scanner based on a scanned electron beam X-ray source manufactured in the late
1990s. The results are compared against those obtained using the default Imatron C300 reconstruction
algorithm XREC which is based on Fourier gridding.

Briefly stated, SIRT models the reconstruction problem as a linear system of equations. Each equation
represents the forward projection of the image along a specific ray. The result is compared against the
recorded value for that ray, and the squared difference is indirectly used to update the image. Updating is
done simultaneously for all pixels.

SIRT is a good alternative to Fourier methods such as XREC for several reasons: 1) it facilitates physics
aspects of the imaging process to be incorporated such as the system geometry; 2) it supports weighting
of the data in a manner that allows data-driven control over which of the equations should play a more
dominant role (by being statistically and/or numerically more trust worthy); and 3) it supports use of
spatially variant smoothing which can be used to suppress metal artifacts which otherwise may obliterate
important image features.

SIRT is a good alternative to iterative reconstruction algorithms that update the image one pixel at a time.
Not only does the simultaneous update make SIRT less sensitive to noise and other data inconsistencies,
it also means that SIRT is a prime candidate for parallelization which ultimately will be important when
iterative reconstruction is deployed for use in a real system.

Section II illustrates that SIRT produced better images than XREC with respect to several key features
when applied to the Imatron C300 data. The results are presented using “clouds” which are two-dimensional
plots that facilitate visual comparison of the two reconstruction algorithms. For these and other plots and
figures, SIRT has been labeled CGWB to reflect that it was implemented using a conjugate gradient
framework (CG) with weighting and regularization (WB). Section III gives the reader an opportunity
to visually compare a selection of reconstructed images. Section IV provides details on SIRT and its
implementation. Finally, Section V summarizes pros and cons and makes suggestions for future work.

II. CLOUD BASED PERFORMANCE EVALUATION

A. Image Data and Feature Description

The TO3 leadership team selected 60 objects distributed across 30 slices of 9 suitcases for analysis. The
objects represented water, doped water (saline), and rubber sheets. Each suitcase was configured to contain
low, medium or high levels of background clutter using a variety of soft and hard materials. Some slices
contained a single object while other slices contained multiple objects. The analysis was performed on a
per object basis independent upon which suitcase in which they were located.

Stratovan provided segmentation tools in the form of manually derived ground truth pixel masks for these
objects. See Fig. 1. By overlaying the relevant object mask on a reconstructed image, descriptive statistical
features were derived, namely, mean and standard deviation of the pixel intensities for the mask region
and the number of pixels in a ±100 HU range around the median (n). Following reconstruction, Stratovan
also provided a so-called Tumbler segmentation for each object. The feature extracted for this data was the
number of object pixels returned by the Tumbler segmentation (M) relative to the number of pixels in the
ground truth mask (N).
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Reconstructed image Ground truth mask Tumbler segmentation

Fig. 1. Features were extracted for pixels marked either by a ground truth mask (yellow) or a Tumbler segmentation (red). Three features
of the former kind were considered, namely, mean and standard deviation of the image intensities and the relative number of pixels within a
certain range. The only feature of the latter kind considered was the size of the Tumbler segmentation relative to the ground truth mask.

The definition, range and ideal values for these four features can be summarized as follows:

• Mean value of pixels marked by ground truth mask: fmean = 1
N

∑
x

• Standard deviation of pixels marked by ground truth mask: fsdev =
√

1
N−1

∑
(x− fmean)2

• Relative area recovery for ground truth mask: farea1 = 100 n
N

• Relative area recovery for Tumbler segmentation: farea2 = N−M
N

Absolute fmean values should center around the true values for the object materials, viz., 1000 HU for
water, 1070 HU for doped water, and 1450 HU for rubber sheets. However, this feature will be shown
relative to the ensemble mean which is the mean of all the objects regardless of their type. The resulting
distance-to-ensemble-mean allows comparison of the difference in values between object types. That is,
water should be 70 HU lower than doped water which itself should be 380 HU lower than rubber sheets.

The fsdev values should be close to zero as that indicates uniformity of the pixels in the mask region.

Another good result is tightened clustering of the values for each object type. The farea1 feature should
center around values of 100% as that indicates all pixels marked by the ground truth mask have been
assigned values in a tight range which indicates an increased likelihood for them to be grouped by a
segmentation algorithm. The farea2 feature should center around values of 0 as that indicates the ability of
the Tumbler segmentation to extract the pixels marked by the ground truth mask; a negative value indicates
the Tumbler segmentation missed some of the pixels while a positive value indicates it grew bigger than
the ground truth mask. CAVEAT: Structural similarity is not captured by the farea2 feature. For example,
a Tumbler segmentation which misses some of the ground truth pixels may appear to be quite good if it
picks up an equal number of pixels from neighboring objects. These numbers should thus always be read
in the context of the actual images reconstructed.
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SIRT was implemented to reconstruct images in units of 1/cm corresponding to linear attenuation. These
values were mapped to Hounsfield units (HU) using the formula

HU = 1000
µ

µwater

which assigns a value of 0 to air and 1000 to water. Empirical calibration data not being available, conversion
was based on µwater = 0.2027 which is the theoretical value from NIST at close to 60 keV.

B. Clouds and Their Interpretation

Clouds are surrogates for predicting differences in PD/PFA performance for XREC versus CGWB images.
Each cloud plots two features against each other. XREC reconstructions were computed using default
settings. CGWB reconstructions were computed using data weighting (W1) in combination with some level
of regularization (B0–5). Figure 2 illustrates clouds for XREC, CGW1B0 and CGW1B5 for fmean vs. fsdev,
fmean vs. farea1, and fmean vs. farea2. As mentioned above, fmean is offset by the ensemble mean in each
case. The clouds for CGW1B1–CGW1B4 gradually change from CGW1B0 to CGW1B5 which thus act as
result brackets. Blue markers indicate water, cyan markers indicate doped water, and red markers indicate
rubber sheets. The white letters inside each marker is a reference to the low, medium and high levels of
background clutter.

We make the following general observations. The XREC clouds all show substantial dispersion of the data.
The CGBW plots all show tightening as well as closer proximity to the ideal values. Improvements appear
most dramatic for water and doped water for highly cluttered data sets. The lesser degree of tightening for
the rubber sheets does not reflect a reconstruction problem, rather it is a result of the way these objects
were set up to be counted. We will explain this phenomenon below.

The cloud plots show trends. Caution should be exercised when trying to interpret details as they in
many cases are a result of how the features were extracted more so than they reveal subtle behaviors
associated with XREC and CGWB. For example, fmean and fsdev are computed using the ground truth pixel
masks. Metal streak and shading artifacts are thus included in these numbers. Water objects located in high
clutter suitcases formed their own cluster in the CGWB clouds as a result thereof. Being smaller in size,
rubber sheet objects were likewise more susceptible to metal streak artifacts biasing especially the standard
deviation values.

The TO3 leadership team decided each rubber sheet should be treated as an independent object. This
became a problem for both XREC and CGWB in that stacked rubber sheets were fused together by the
Tumbler segmentation algorithm. Not only did this result in these sheets being labeled as oversegmented
(larger than the ground truth pixel mask), it also made them be counted multiple times since if two rubber
sheets were fused, Tumbler clouds show them both as oversegmented. Confusing matters further, if a metal
streak artifact resulted in the loss of say half of each of the two rubber sheets, the double counting of the
remaining halves incorrectly indicates a perfect segmentation. The reader is strongly encouraged to look at
the images before drawing conclusions with respect to the Tumbler segmentation clouds.

Figures 3 and 4 are scatter plots that comparison of XREC and CGWB at the object level for the
CGW1B3 data. It is noteworthy that when XREC is better than CGWB, it is only marginally so. However,
when CGWB is better than XREC it is substantially better, e.g., much lower standard deviations and a
much higher degree of ground truth mask area recovery.
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Mean versus standard deviation for pixels marked by ground truth mask
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Mean versus relative area recovery for pixels marked by ground truth mask
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Mean versus relative area recovery for pixels marked by Tumbler segmentation
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Fig. 2. Cloud plots for three different pairs of features. XREC plots are based on Fourier gridding. CGW1B0 plots are based on a conjugate
gradient implementation of SIRT. CGW1B5 plots are based on a regularized version of the conjugate gradient algorithm. See text for details.
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Fig. 3. Scatter plots for standard deviation and relative ground truth mask area recovery. CGW1B3 shows improvement over XREC with
respect to both features: standard deviations are lower for most objects and the area recovery is greatly increased.
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Tumbler segm. area: full range Tumbler segm. area: ±1 range
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Fig. 4. Scatter plots for Tumbler segmentation areas relative to the ground truth mask areas. Water and doped water objects appear to be
segmented more precisely than rubber sheets which are over-segmented. CGW1B0 under-segments water to a greater degree than CGW1B3
but does a better job not over-segmenting the rubber sheets. CGW1B0 and CGW1B3 both do a better job segmenting the water objects than
XREC with CGW1B3 showing improvement over CGW1B0. See text for details regarding ideal feature values.
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III. IMAGE EXAMPLES

The next many pages provide a selection of XREC and CGWB images with Tumbler segmentations
overlaid for visual comparison. Focus is on CGW1B3 results.

Representative low and medium clutter suitcase results are shown in Figures 5–8. The images are fairly
clean and without severe metal artifacts. XREC and CGWB both perform quite well on this data. The
difference between better and worse is marginal either way.

Representative high clutter suitcase results are shown in Figures 9–12. This data suffers from metal
artifacts including streaking and shading to a much greater extent. CGWB images constitute an improvement
over XREC for almost all materials in all suitcases.

305

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXV



XREC CGW1B3

XREC with Tumbler segmentation overlay

CGW1B3 with Tumbler segmentation overlay

Fig. 5. Reconstruction example for LLNLPC TWO Slice 068. The XREC and CGW1B3 images are both quite clean with no visible artifacts.
The Tumbler segmentation results are comparable.
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XREC CGW1B3

XREC with Tumbler segmentation overlay

CGW1B3 with Tumbler segmentation overlay

Fig. 6. Reconstruction example for Medium Clutter 1 Slice 235. The amount of metal artifacts is relatively low. The XREC and CGW1B3
images are comperarble as are the Tumbler segmentation results.
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XREC CGW1B3

XREC w/Tumbler segm. overlayCGW1B3 w/Tumbler segm. overlay

Fig. 7. Reconstruction example for Medium Clutter 2 Slice 326. Metal artifact streaks and shading can be seen in both the XREC image and
the CGW1B3 image, perhaps slightly less so in the latter than in the former. The Tumbler segmentation results are comparable, again perhaps
slightly better for the CGW1B3 image.
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XREC CGW1B3

XREC with Tumbler segmentation overlay

CGW1B3 with Tumbler segmentation overlay

Fig. 8. Reconstruction example for Medium Clutter 4 Slice 134. Visually, the XREC and CGW1B3 images appear similar. The Tumbler
segmentations of the water object to the left and the rubber sheet to the right are marginally more complete in the CGW1B3 image.
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XREC CGW1B3

XREC with Tumbler segmentation overlay

CGW1B3 with Tumbler segmentation overlay

Fig. 9. Reconstruction example for High Clutter 1 Slice 239. The metal artifact shading in the small water object to the right in the XREC
image has been significantly reduced in the CGW1B3 image. The XREC image is generally speaking noisier than the CGW1B3 image. The
Tumbler segmentation results are better for the latter as a result thereof. The stacked rubber sheets have been fused in both reconstructions.
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XREC CGW1B3

XREC w/Tumbler segm. overlayCGW1B3 w/Tumbler segm. overlay

Fig. 10. Reconstruction example for High Clutter 1 Slice 350. Metal artifact streaks and shading can be seen in both the XREC image and
the CGW1B3 image, arguably to a greater extent in the former than the latter. The Tumbler segmentation of the water object is subtantially
more accurate for the CGW1B3 image.
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XREC CGW1B3

XREC with Tumbler segmentation overlay

CGW1B3 with Tumbler segmentation overlay

Fig. 11. Reconstruction example for High Clutter 3 Slice 222. Metal artifact streaks and shading can be seen in both the XREC image and
the CGW1B3 image, arguably to a greater extent in the former than the latter. The Tumbler segmentation of the water object is subtantially
more accurate for the CGW1B3 image. The stacked rubber sheets have been fused with each other as well with an adjacent non-target object
in both reconstructions.
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XREC CGW1B0

XREC with Tumbler segmentation overlay

CGW1B0 with Tumbler segmentation overlay

Fig. 12. Reconstruction example for High Clutter 3 Slice 222. Metal artifact streaks and shading can be seen in both the XREC image and
the CGW1B0 image, arguably to a greater extent in the former than the latter. The Tumbler segmentation of the water object is subtantially
more accurate for the CGW1B0 image. The stacked rubber sheets remain fused with each other in both reconstructions but have been separated
from the adjacent non-target object in the CGW1B0 image.
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IV. ALGORITHMIC DETAILS

A. SIRT: Simultaneous Iterative Reconstruction Technique

SIRT was introduced by Gilbert in 1972 [1] as alternative to ART which updates the image on a per-ray
basis [2]. SIRT was eventually shown to be a special case of a so-called Richardson Iteration which was
proposed as a generic solver for linear systems of equations more than 100 years ago [3]. SIRT thus has
a long history during which it has been applied to a wide variety of applications. We have written papers
that provide new theoretical insight into SIRT. One of these papers shows how to achieve near-optimal
relaxation which reduces the number of iterations needed [4]. Another paper shows how to introduce
Tikhonov regularization in a manner that maintains said relaxation [9]. We have also written papers that
describe how to more efficiently implement SIRT ranging from a technique called focus of attention that
eliminates irrelevant background data from being considered during a fast preprocessing step [6] to methods
for executing the algorithm in a distributed computing environment such as a cluster [4] as well as using
vectorization and multi-threading to take advantage of the multi-core designs of contemporary processors
[5], [8].

Mathematically, SIRT works as follows. Let A denote the system matrix which linearly maps image
vector x to the detector space for which the recorded data is represented by vector b. Furthermore let
R and C denote diagonal matrices of inverse row and column sums of A, respectively. The problem of
reconstructing x using SIRT can then be expressed in terms of solving the weighted least squares problem

x∗ = argmin‖Ax− b‖2R
by means of the iterative update scheme

xk+1 = xk + αCATR(b− Axk).

Here α is a user-defined relaxation coefficient. We have shown that α = 1.99 results in near-optimal behavior
in that it doubles the rate of convergence compared with α = 1.00 which is the default value. This is in
turn means half as many iterations are needed.

B. Weighting

The linear system of equations solved by SIRT, i.e., Ax = b, is the result of discretizing a log-normalized
version of the exponential Beer-Lambert Law that describes X-ray attenuation. That is,∫

ray

µ dl = − log
I1
I0
.

We note that lightly attenuated line integrals translate into small right hand side values while heavily
attenuated line integrals translate into large right hand side values. Low SNR rays are thus assigned
larger data values than high SNR rays. This has the unfortunate side-effect of letting noisy data drive
the reconstruction since when large-valued data is wrong, it is wrong to a greater extent than when low-
valued data is wrong and least squares algorithms like SIRT are biased towards correcting large errors
first and foremost. The solution to this predicament is data-driven weighting of the projection data prior to
reconstruction.

In order to maintain the convergence properties known for SIRT, we propose to weight the system
matrix and the projection data and then recompute the diagonal scaling matrices. Doing so, means that
any weighting scheme can be applied. For the work reported here we compare no weighting (W0) against
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Unweighted sinogram: W0 Weighted sinogram: W1

Intensity range: 0.0-10.0 Intensity range: 0.0-0.8
Fig. 13. Bright pixels in the unweighted W0 sinogram represent heavily attenuated ray data. These are mapped to darker pixels in the weighted
W1 sinogram.

exponential weighting (W1) which maps the projection data back to the ratio of emitted and transmitted
X-ray intensities. That is, if A = [aij] and b = [bi] then

âij = wiaij and b̂i = wibi where wi = exp(−bi/2)

Figure 13 illustrates the result of applying such weighting to a sinogram image. Notice how bright pixels in
the unweighted sinogram (W0) are mapped to relatively dark pixels in the weighted sinogram (W1). Notice
also how low and mid-range pixel intensities are subjected to less rescaling which makes them appear
relatively brighter. The end result is that the equations corresponding to heavily attenuated projection rays
play a less dominant role during reconstruction while less attenuated projection rays are given more emphasis
as desired. Although not reported here, we also implemented and tested gamma correction and sigmoidal
based weighting. Other schemes could easily be devised.

C. Regularization

Least squares algorithms like SIRT are sensitive to the system matrix being poorly conditioned which it
typically is. This means that small changes in the input can cause unexpectedly dramatic changes in the
output. The problem can be alleviated using Tikhonov regularization [10]. In its simplest form, this means
penalizing large norm solutions and solving the weighted least squares problem given by

x∗ = argmin‖Ax− b‖2R + β‖x‖22
by means of the iterative SIRT-like update scheme

xk+1 = (I− αβC)xk + αCATR(b− Axk).

Here β is a user-defined hyperparameter that controls the trade-off between minimizing the residual error
associated with the projection data and the norm associated with the image. In this report, all references
to CGWxBz means β = z/100. While β often is chosen by trial and error, we have shown that the
introduction of simple algebraic approximations allow the choice to be based on computable characteristics
for the system matrix [9].
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In addition to providing numerical stability, minimum norm regularization has the added benefit of
introducing spatially variant smoothing. That is, unlike standard low-pass filtering, pixels located in different
contexts may be treated differently. If creating a sharp edge lowers the residual error associated with the
projection data, it is possible that the potentially large norm contribution of those pixels would be accepted.
Generally speaking, it is more likely though that edges will suffer from blurring if regularization is over-
emphasized.

D. Conjugate Gradient

SIRT quickly establishes the low-frequency content of an image but then enters into a long and slow
process during which the high-frequency content is recovered. The process can be made faster using the
heuristic concept of ordered subsets [8]. For the work reported here, we go a different route and create a
SIRT-like problem which is then updated using a conjugate gradient algorithm which typically converges
at a faster rate [11].

Define matrix M = [aij/
√
riicjj] and vectors u = [xj/

√
cjj] and v = [bi/

√
rii]. We then solve the least

squares problem
u∗ = argmin‖Mu− v‖22 + β‖u‖22

by applying a conjugate gradient algorithm to the associated normal equations [10]. Regularization is
conveniently folded into the computation by augmenting the linear system of equations given by Mu = v.
That is, the regularization term can be discarded by redefining M and v as follows:

M̂ =

[
M
βI

]
and v̂ =

[
v
0

]

Having obtained u∗, the desired solution x∗ is obtained through scaling of the former. That is,

x∗ = [
√
cjjuj].

Figure 14 provides a comparison of the residual error norms for standard SIRT and the above conjugate
gradient version which we refer to as CGWB. Both algorithms are initialized using an image of 0s. We
could have used the XREC image but have found this to not be beneficial as it introduces high-frequency
noise that then needs to be overcome. Notice how CGWB convergences faster. After 16 iterations, the
residual error norm is close to what it is after 64 iterations. Meanwhile, SIRT slowly convergences to a
similar value although it never quite catches up. Figure 15 illustrates the difference in image quality after
16 iterations for SIRT and CGWB. Notice how the former is more blurred than the latter indicating that it
has not converged to the same extent. All results in the this report are based on 64 iterations. The benefit
of the extra computation is in many cases marginal, and it was done mostly to have a consistent stopping
criterion.

E. Computational Cost

SIRT is a prime candidate for parallelization, both in its standard form and in the conjugate gradient
form applied used here. With computational speed being out-of-scope, only a minimal effort was devoted
to making the implementation efficient. The code was written in C. The system matrix was recomputed at
the beginning of each reconstruction. This was found to be faster than reading it from file across a slow
network shared with hundreds of users. All vector-matrix products and vector updates were multi-threaded.
Vectorization was not applied. Bound constraints were implemented using an active sets-like approach.
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Fig. 14. Convergence of standard SIRT versus conjugate gradient implementation of SIRT. The latter reduces the residual error faster than
the former which translates in to fewer iterations needed to achieve the same goal. All results presented here are based on 64 iterations.

Std SIRT CG-SIRT

Fig. 15. SIRT and CGBW images after 16 iterations. The visual appearence is quite different in spite of the residual error norms being
relatively close to one another.

The amount of data processed was quite substantial in spite of merely solving a 2D problem:

• Fan-beam sinogram: 864× 888 (corner filling discarded)
• Reconstructed image: 512× 512 (inscribed circle constraint)
• System matrix: 950 million non-zero elements (single-precision float)

Using a Dell Precision PC with dual, quad-core 2.26 GHz Xeon CPUs and and 10 GB of memory, it took
20 seconds to initialize the system matrix, and 2 seconds to compute each CGWB iteration. These times
include computation and printing of miscellaneous types of log information to file. The cost to weight
the projection data and the system matrix and subsequently map the problem to the form solved by the
conjugate gradient algorithm was approximately equal to two CGWB iterations.

Focus of attention [6], which computes in a negligible amount of time, can likely reduce the problem size
by x2 or more. The active sets implementation involves extra conditional checks that can be eliminated.
Execution on a many-core platform such as the 80-core Xeon Phi should result in x10 speed-up. Combined
this should lead to less than 0.1 seconds per iteration. Fewer iterations are likely needed than the 64 used
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here plus if the conjugate gradient algorithm can be properly preconditioned, it will converge even faster
further reducing the number of iterations needed. There is thus good reason to believe that SIRT can be
made fast enough to be of practical use.

V. CONCLUDING REMARKS

A. Summary of SIRT Pros and Cons

SIRT is built around a system matrix that models the geometry of the Imatron C300. In particular,
each source-to-detector ray is represented as a trapezoid (the corners of the source are connected to the
corners of the detector) and the system matrix contains the area intersection values of that trapezoid with
the image pixels. Data corrections, such as weighting of the projection data, can not only be included but
it can be done in a way that preserves convergence characteristics of SIRT. Regularization is needed to
guarantee numerical stability so that small changes in the input result in small changes of the output. An
added benefit is that regularization adds spatially variant smoothing. When too strong of an emphasis is
placed on regularization relative to minimizing the weighted least squares error that captures how well the
image matches the projection data, the result is likely to be an image which is smoothed too much. This
in turn will make edges appear less sharp which could lead to segmentation problems. One should thus be
somewhat careful how the hyperparameter that controls this trade-off is chosen. SIRT has been implemented
to execute in a conjugate gradient framework. This lowers the number of iterations needed as it leads to
faster convergence. Preconditioning can improve the convergence rate. SIRT furthermore lends itself well
to multi-threading which implies that the computational cost can be reduced through parallelization.

B. Suggestions for Future Work

SIRT has been shown to work well on the given Imatron C300 data. A logical next step would be to
test it on data from a real security scanner and in the process fine-tune or even replace the weighting and
regularization schemes should that be deemed beneficial. For example, it is possible that the exponential
weighting should be increased for highly attenuated data. This might be achieved by combining the
exponential weighting used here with a sigmoidal weighting scheme that further suppresses a select range
of attenuation values while leaving others unchanged. Likewise, the hyperparameter that controls the
regularization is currently set relative to computable characteristics for the system matrix, but it could
be chosen using information extracted from the projection data and it does not have not have to be set to
the same value for all pixels. The computational cost clearly needs to addressed. SIRT is a prime candidate
for being ported to new computing platforms such as the inexpensive Xeon Phi many-core processor. Finally,
local tomography might be worthwhile avenue to pursue. This would allow an interior portion of the image
to be reconstructed to a greater level of perfection. In its simplest form, it amounts to reconstructing only
the suitcase and not the background surrounding it. Eliminating irrelevant data from consideration in a fast
preprocessing step will allow the computational resources to be brought to bear on the data which is of
interest, namely, that which represents the suitcase and its content.
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DR. GREGOR’S IMAGING EXPERIENCE

Dr. Gregor is a professor of computer science at the University of Tennessee where he has worked on
a wide variety of imaging projects over the last 20+ years. He has experience with image reconstruction
for modalities ranging from X-ray CT, SPECT and PET to neutron CT. He has worked on applications in
the fields of biology, radiology, nuclear medicine, waste management, material science, and most recently
security. His academic record consists of more than 70 journal and conference papers on subjects related
to imaging and pattern recognition. He is experienced consulting for industry and has written product-
oriented software. He has taught undergraduate courses in computer organization, C/C++ programming,
data structures and algorithms, and software engineering, as well as graduate courses in pattern recognition,
image processing and reconstruction, and parallel and distributed computing. In addition to the ALERT Task
Order 3 reconstruction work discussed here, Dr. Gregor is a participant in ALERT Task Order 4 which is
focused on the development on a automated target recognition system for luggage.
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Metal Artifact Reduction for CT-based Luggage
Screening

Seemeen Karimi, Harry Martz, and Pamela Cosman, Fellow, IEEE

Abstract

In aviation security, checked luggage is screened by computed tomography (CT) scanning, followed by automatic
target recognition from the CT images. Metal objects in the bags degrade the CT image quality by causing streaks and
shadows, called metal artifacts. We develop a novel method for metal artifact reduction, based on a new formulation
of an optimization problem which de-emphasizes metal projections and has a constraint for beam hardening and
scatter. Our approach is to isolate and reduce artifacts in an intermediate image, which is then fed to a previously
published sinogram replacement method. Metal artifacts were reduced in our test images, even for multiple and large
metal objects, without much loss of structure or resolution. Our method provided exceellent results qualitatively, as
well as in a quantitative evaluation based on standard deviation of CT number in uniform objects. Unlike methods
in the medical literature, our approach does not make assumptions about image content, nor does it discard metal
projections.

Index Terms

Metal artifacts, metal artifact reduction, computed tomography, luggage screening, constrained optimization

I. INTRODUCTION

In aviation security, checked luggage is scanned by explosives detection systems (EDS). Many EDS are based
on x-ray computed tomography (CT). Automatic target recognition (ATR) algorithms in these systems analyze the
CT images for threats. Metal objects present in the luggage create artifacts in CT images, in the form of shadows
or streaks that misrepresent the surrounding objects, and may lead to apparent splitting of a single object, or the
merging of separate objects. An example image which is corrupted by artifacts is shown later in Fig. (2. EDS are
tuned for high detection rates with the suboptimal images. Therefore, reducing the metal artifacts will likely lead
to lower false alarm rates. The U.S. Department of Homeland Security has identified lowering false alarms as a
requirement for future EDS, which therefore motivates improvements in metal artifact reduction [1].

Metal artifacts are caused by beam hardening (the preferential attenuation of low energy photons in a polyenergetic
x-ray beam), photon scatter, partial volume effects, photon starvation, and data sampling errors [2], [3]. Data
sampling errors can be caused by inexact detector or view positions, or cone beam effects [3]. Beam hardening
and scatter cause low-frequency artifacts [2], which are more difficult to remove, while the other sources result in
narrow streaks.

Algorithms for metal artifact reduction (MAR) have been developed in medical CT imaging since the 1980s
[4]. Despite the advances, there is no widely accepted solution, and MAR continues to be a challenging research

S. Karimi and P. Cosman are with the Department of Electrical and Computer Engineering, University of California, San Diego, La Jolla,
CA, 92093-0407 USA e-mail: (sekarimi@ucsd.edu). H. Martz is with Lawrence Livermore National Laboratories, Livermore, CA 94550.
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problem. There are three main approaches to MAR algorithms - sinogram replacement [4]–[14], multiple-energy
decomposition [15]–[21], and iterative reconstruction [16], [22]–[24]. All these methods operate in Radon space,
also called the sinogram, or called projections.

Sinogram replacement has been the most widely explored because of its low complexity [25], [26]. In methods
based on sinogram replacement, an initial filtered-backprojection (FBP) image is made, and the metal objects are
identified by image segmentation techniques, e.g., [8], [27]. The projection samples corresponding to rays that pass
through metal, called metal traces, are identified either by calculation or forward projection of the metals or even
by segmentation in the sinogram space. Metal traces in the sinogram are replaced with an estimate of underlying
data. The corrected sinogram is reconstructed by FBP. These methods are faster than the other approaches, but
accurate data estimation within the metal trace is a difficult problem. Interpolation across the metal traces deletes
edges across high-contrast structures, and renders the projections inconsistent, leading to secondary artifacts. In
recent years, in medical imaging, image segmentation has been used to identify high-contrast structures, in order
to develop an intermediate image that is often called a prior-image [8], [11], [13], [28]. We hyphenate the words to
avoid confusion with true Bayesian priors or the notion of a “previous” image. The prior-image is forward-projected
(interchangably referred to as reprojection) and thus used to guide the data replacement in the scanner sinogram.
The segmentation of real data from artifacts is a challenging task because the density ranges of artifacts and real
materials overlap. In segmentation, assumptions are made about the intensity or spatial distribution of human tissue
and artifacts. However, no such assumptions can be made about luggage, therefore these medical MAR methods
are not applicable.

Multiple-energy decomposition methods are used to decompose materials into basis materials. They can com-
pensate for artifacts from beam hardening. Two or more x-ray spectra are required for energy decomposition, and
multienergy imaging is not standard in clinical or luggage scanning protocols, nor does it compensate for scatter.
Iterative reconstruction of dual energy data has the potential to provide excellent images if the dual spectra and
models are available. A different approach is used in [29], in which a radiotherapy treatment scan is used to generate
a good prior-image for use with a diagnostic scan.

A recent approach is to use numerical optimization for reconstruction. Numerical optimization has become more
reliable and efficient in recent years, but its application to MAR is very limited [12], [30], [31]. The approach in
[30] is formulated along the lines of [32]. It discards the metal traces and uses a non-negativity constraint. Since
the second order cone program is too large to solve, it instead reconstructs images with ART iterated with steepest
descent. All metal projection samples are removed. The images shown in [30] are of circular phantoms with single
pieces of metal, and the performance with medical or luggage scans has not been demonstrated.

Numerical solutions may not preserve texture and desired resolution, depending on the objective function chosen.
In [12] the approach is a hybrid algorithm combining optimization and sinogram replacement. They minimize an
unconstrained least-squares objective function regularized by the total variation norm. The minimization is done with
an interior point algorithm [33], [34]. Again, all data containing metal are removed. Since numerical optimization
removes texture, the optimum solution is reprojected, and metal traces from the original sinogram are replaced with
the reprojected traces. A second method that estimates and corrects for beam hardening from low atomic number
metal is described in [12] but it is cautioned that it is not suitable when partial volume is present. In luggage
scanning, we have partial volume in nearly every image, and combinations of metals. A uniformity constraint
around metal is imposed in [31], but it is not applicable to luggage scanning.

In luggage data, a third or even half of the projection samples may be contaminated by metal. If all these data
are discarded, the reconstructions are poor, as we will demonstrate. Our method is also a hybrid method, because
we create a prior-image followed by forward projection and FBP. However, we retain the metal projection data but
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reduce their weights relative to the non-metal data. Our target prior-image is one that is free of metal artifacts, and
is sparse.

To build our prior-image, we exploit the following observations and facts: 1. The artifacts from beam hardening
and scatter are low-frequency. 2. Beam hardening and scatter result in lower data measurements than the ideal
(monoenergetic equivalent) measurements. 3. When there is greater x-ray attenuation through the metal, there is
a greater difference between ideal and measured projection data. As will be explained in detail in Section II,
we exploit the first observation by formulating two optimization problems and taking their difference to yield an
artifact-only image. Another way we have exploited this first observation is to reduce the scale of the problem. We
exploit the second fact to define a constraint. We use the third fact to penalize the projection samples proportional
to the attenuation through metal.

II. METHODS

We formulate a constrained optimization problem to obtain a prior-image. As mentioned above, a numerical
solution may have different spatial resolution than a desired FBP solution. In Section II-A we first describe a
convex optimization problem to construct a prior-image, neglecting any loss of spatial resolution, to explain the
objective function and constraint. In Section II-B we describe the practical implementation of our complete MAR
algorithm.

A. Prior-image reconstruction as a solution of a convex optimization problem

An image in vectorized form is represented by x and the scanner Radon data by b. Let the forward-projection
model for log-attenuation Radon data be denoted A . Each cell of the matrix A, aij , contains the fraction of the
voxel j that goes into the measured data sample i. For noise-free and artifact free data, the following equation
holds:

Ax = b. (1)

We minimize a regularized weighted least squares (WLS) error as our objective function. This approach is
applicable when the noise is additive and Gaussian distributed. The noise in a CT scanner is Poisson-distributed,
but the photon counts are high enough that a Gaussian approximation can be made [35]. The weights de-emphasize
samples that have higher noise. In our case, however, we de-emphasize the samples according to the attenuation
through metal. The optimization problem is expressed in the following equation:

min
x

(Ax− b)TW (Ax− b) + β||x||TV

subject to IP (Ax− b) + 3σp � 0.
(2)

We first discuss the objective function. The regularization term ||x||TV is the total variation norm and β is its
strength. The total-variation norm is popular in compressive sensing, and it has been used for reconstruction from
incomplete data [32], [36]. We use it to reward sparsity. Since this norm is the L1-norm of a linear transformation,
it keeps the optimization problem convex. Regularization is needed for stability but does contribute to the reduction
of artifacts. However, the artifact reduction is mainly achieved by the weights and constraint. The weight matrix
W is diagonal, and given by the following expression,

W = diag(w(i)) = exp(−λ

V∑
j=1

aijI1(j)), (3)
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where V is the number of voxels, and λ is an experimentally determined constant, set to 0.2. In Eqn. (3), I1 is an
indicator function:

I1(j) =

{
1 x(j) > M1

0 otherwise.
(4)

The threshold M1 is set to 4000 Modified Hounsfield units (MHU). A voxel above this threshold is interpreted to
contain metal or be close to metal. The MHU scale has an offset of 1000 relative to the conventional Hounsfield
scale, so that water is 1000 MHU and air is zero. We use MHU rather than HU, to simplify the summations, and
so that “non-negativity” has the correct meaning.

The summation in Eqn. (3) represents the path length through metal of the ray that gives projection sample i.
We choose an exponential weighting function because the attenuation of x-rays follows the Beer-Lambert law [2].

Now we discuss the constraint in the second line of Eqn 2. The symbol � denotes a vector inequality. This
is a linear constraint that has not yet been explored in the MAR literature. It is motivated by the knowledge that
the low-frequency metal artifacts are due to beam hardening and scattered radiation. These phenomena are not
additive noise. Both work in the same direction: the measured attenuation is lower than the ideal (monoenergetic
equivalent) attenuation, neglecting noise. Further details about beam hardening are in Appendix A. We discard the
non-negativity constraint of previous MAR literature, because the source of the beam hardening and scatter artifacts
is addressed by the new constraint. IP is a diagonal matrix containing a second indicator function for metal.

IP = diag(p(i)) =




1

V∑
j=1

aijI2(j) > 0

0 otherwise

(5)

and

I2(j) =

{
1 x(j) > M2

0 otherwise,
(6)

where M2 is set to 10000 MHU. Since we have noisy measurements, we make an allowance for noise in the
constraint. The term σp is a vector containing the standard deviation of the noise estimated per sample. The estimate
of the noise is derived in Appendix B. Note that we have used two different metal thresholds. For weighting, we
use M1 = 4000 MHU, and for the constraint we use M2 = 10000 MHU. This is because we apply the constraint
only for high atomic number metals such as copper or iron, for which signifcant beam hardening is expected. We
have not applied the constraint for aluminum, because the hardening from aluminum is smaller, so the constraint
may not be robust enough against partial volume and blurring from higher atomic number metal objects which may
result in lower CT values.

B. Practical Implementation

The description of the implementation is broken up into three subsections, and illustrated in Fig. 1.
1) Identification of metal structures in the image and sinogram:
An FBP reconstruction of the scanner sinogram gives an image with metal artifacts. We refer to this image as

the original image and denote it XOrig. We use a simple segmentation technique, region growing, to identify image
regions containing metal [37]. If a piece of metal has a mass (calculated as CT density times volume) above a
minimum mass threshold, its trace in the sinogram is calculated and will be replaced.
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2) Construction of the prior-image:
The prior-image should represent the attenuation of objects that are dense enough to cause secondary artifacts,

such as water, rubber and plastics. In the numerical solution, it is not important to capture textures, to accurately
reconstruct non-dense materials such as fabric, or to match the spatial resolution of XOrig. We decrease the size
of the problem by solving for a miniature image. The miniature image is reduced by four in each dimension,
therefore by a factor of 16 altogether. Building miniature images allows us also to reduce the size of our sinogram.
We low-pass filter the projections in view and sample directions, and downsample by a factor of four in the view
direction and four in the sample direction. The total reduction in size reduces reconstruction time by a factor of
163.

We forward project the metal voxels to calculate the attenuation from metal and calculate the weights from
Eqn. (3). (Note that we can only approximate the attenuation from metal in this way because beam hardening
degrades the reconstruction of the metal itself.) The quadratic program expressed in Eqn. (2) is solved using the
Mosek software (Mosek ApS, Denmark) [38]. Let the optimal solution be denoted Xmini

C . Xmini
C can be upsampled

to the same size as the original image XOrig and directly used as the prior-image, but we do not do so because
although larger structures are preserved, small structures are degraded. Instead, we reconstruct a second image by
minimizing the following objective function:

min
x

(Ax− b)T (Ax− b) + β2||x||TV . (7)

Let the optimal solution to the above equation be Xmini
LS . In Eqn. (7), there are no weights or constraints. The

regularization strength here is β2 = 0.1β in Eqn. (2). We use a smaller strength here because we want minimal
interference with the artifact structure of XOrig.

The difference between Xmini
C and Xmini

LS gives an image consisting mainly of artifacts Xmini
A .

Xmini
A = Xmini

LS −Xmini
C (8)

We upsample Xmini
A using bicubic interpolation to get a full-size artifact only image XA. Artifacts are removed

from XOrig by subtracting XA:
X

′

Prior = XOrig −XA. (9)

There are two more simple but helpful steps. We copy the segmented metal voxels from the original image to
the prior-image, which gives us more accurate metal trace boundaries. Lastly, we clip the small CT values (i.e.,
below 500 MHU) to the value of air.

XPrior(j) =

{
X

′

Prior(j) X
′

Prior(j) ≥ 500

0 otherwise.
(10)

This removes smaller residual artifacts and any artificial textures created in low density materials such as clothing.
We also copy the segmented metal voxels from XOrig to XPrior. This restoration of the metal voxels into XPrior

creates more accurate metal trace boundaries in the sinogram.
3) Sinogram replacement and final reconstruction:
In this step, (not shown in Fig. (1), we forward project the prior-image, and use a previously published method

to estimate metal trace data [7]. In this method, we compute the difference between the original sinogram and
the reprojection. We interpolate over the metal trace in these difference projections and get the error. The error
is subtracted from the original sinogram, giving us a corrected sinogram. Finally, the corrected sinogram is
reconstructed with FBP.

Our original and final image size is 512 × 512 voxels, and the sinogram size is 1024 × 720. Due to the
downsampling of the sinogram and image, the A matrix size is 46080×16384. A final step that is usually performed
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Fig. 1. Pictorial representation of the construction of the prior-image (shown in boxes 1 and 2 in Fig. ??). The flow starts with the scanner
sinogram, shown in the center. The optimal solutions to Eqns. (2) and (7) are shown in the smaller images (not to scale).

in MAR literature is the restoration of the metal piece to the MAR image. This is because MAR algorithms usually
degrade the metal itself. For example, in our prior-images, our weighting de-emphasizes the samples through the
metal, so the reconstruction of the metal itself is degraded. For luggage scanning, we do not consider it important
to restore the metal, and have not done so here.

C. Evaluation

The MAR algorithm was evaluated both visually and quantitatively on images from nine bags. In each bag, there
are objects with uniform x-ray attenuation, such as contained liquids. In the original images, we manually segment
those image regions that we know should be uniform. For each such region, in both the original and MAR images,
we characterize the CT number distribution in MHU with minimum, maximum, mean and standard deviation. We
also measure the Kolmogorov-Smirnoff (KS-2) divergence between the original and MAR images.
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(a) (b)

(c) (d)

Fig. 2. Image reconstructions of an image from Bag 1. (a) Original image with arrows pointing to the metal artifacts, (b) our method, (c)
unconstrained WLS + TV, and (d) sinogram replacement without a prior-image. Window width (WW) = 2500, window-level (WL)=750
MHU. Numbered objects are shown in (a), these denote uniform objects which are quantitatively evaluated.

III. RESULTS

We first show one image reconstructed in various ways, in order to qualitatively explain the image quality
improvements from our method. Next, we present original and MAR images from more test cases, followed by
quantitative evaluation. Finally, we compare our results with those of a previously published method visually and
numerically.

A. Qualitative Explanation of Image Quality

Fig. 2 shows a 2D image through one bag. The original image with artifacts is in (a) and the MAR image is in (b).
The metal artifacts are visually reduced in the MAR image, and this is later confirmed by the quantative evaluation.
For comparison, a regularized WLS image without constraints is shown in Fig. 2(c). This image removes most of
the artifacts from the uniform objects. However, the area around the metal continues to show some artifacts. An
image reconstructed after sinogram replacement without any prior-image is shown in Fig. 2(d). This image is from
a benchmark method [5] used in current literature. The blue oval shows an example of the loss of edge information,
and of secondary artifacts. This image is not much better than the original image.

As noted in Section I, previous methods discard all metal data. We demonstrate that discarding all metal traces
leads to a loss in image quality. Figures 3 and 4(a) show the optimal solution image when all metal-containing
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(a) (b)

Fig. 3. Images showing the effect of discarding all metal-contaminated projection samples. (a) The optimal solution of an unconstrained
regularized least-squares solution [12]. (b) MAR image obtained by using the optimal solution shown in (a) as a prior-image. WW=2500,
WL=750.

projection samples are discarded. Fig. 3(a) shows the optimal solution of the unconstrained problem described in
[12]. No metal is visible here because metal traces are discarded. If we use this as the prior-image with our own
sinogram replacement, we get the image shown in Fig. 3(b). Our metal trace estimation is an improvement over
data substitution defined in [12] as discussed in more detail below, but we make this comparison because we wish
to compare only the effect of prior-images. In Fig. 3(b), the large circular object is distorted in shape, and dark
shadows are present in each of the four uniform objects. The same shadows can be identified in Fig. 3(a).

The effect of the non-negativity constraint along with the deletion of all metal is shown by numeric reconstructions
in Fig. 4. This experiment demonstrates that there is a loss of image quality when all metal is deleted, and that
the non-negativity constraint allows some artifacts to persist, as long as the voxel values do not drop below zero.
In Fig. 4(a) all metal data is discarded. Consequently, objects 1, 3, and 4 are fused, and there is dark shading in
objects 1 and 3. Weighting instead of discarding metal trace data separates the fused objects as shown in Fig. 4(b).
However, the non-negativity constraint still allows dark shading in object 2 in this image. While it is true that CT
image values should not be negative, noise, in addition to metal artifacts, can cause negative values in air. The
non-negativity constraint is indiscriminate in that it ignores the sources of negative values, while our constraint
anticipates where the difference between the measured data and the forward model should be negative.

B. Visual Evaluation

More test cases are shown in Figures 5 and 6 which contain pairs of original and MAR images. In each test case,
there is a reduction of metal artifacts in the MAR image as compared to the original image. In all cases, we see
that large dark artifacts between metal pieces or along the long axes of metal pieces are nearly eliminated along
with the bright shadows perpendicular to them. These beam hardening and scatter artifacts are nearly eliminated
while the structure of the contents is preserved, because the prior-image included most of the structures but not the
artifacts. The narrower streaks are nearly eliminated as well, simply from the interpolation across the traces of the
small metal objects.
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(a) (b)

Fig. 4. Numeric reconstructions with the non-negativity constraint. (a) All projection data are discarded and the non-negativity constraint is
applied. (b) Our weighting function and the non-negativity constraint. WW=2500, WL=750 MHU.

Although there is an overall improvement with MAR in all images, our algorithm has shortcomings as shown in
Fig. 6. A pot (indicated by the red arrow) throws off additional beam hardening artifacts (horizontal streak from
the base of the pot). We do not correct for this, because the pot is not considered metal (its CT density is not
high enough, most likely because it is made of aluminum and thin enough to be blurred by the system transfer
function). The object labeled 1 appears fused to the metal above it in the original image, as the result of bright,
smooth metal artifact. With the MAR, the small water bottle (labeled 1) is separated but not well restored. Since
object 1 is adjacent to a large piece of metal, when the metal traces are given lower weight, most of the projection
samples corresponding to this water phantom are also given lower weight, and in effect, we lose too much data.
The larger water bottle (labeled 2), however, does not share as much data with the metal object. High amplitude
streaks through object 2 are reduced, but it also appears joined to the metal.

In addition, there is a loss of resolution along the streaks. The loss of resolution, especially along the streaks, is
a phenomenon common to most MAR algorithms [26], [39]. During data replacement, interpolation across metal
traces blurs edges along the rays unless they are perfectly captured in the prior-image. However, some of the edges
in these images are due to soft materials and thin layers, and therefore not preserved in the prior-image.

C. Quantitative Evaluation

There is little quantitative evaluation in MAR literature. One paper does a quantitative evaluation by comparing
pre and post-operative scans of patients with shoulder implants [40]. In that case, a ground truth scan is present.
The evaluation depends on the accuracy of image registration. Another method compares original and reprojected
sinograms outside the metal traces to indicate improvements in images [41]. Our quantitative evaluation is image-
based and does not effectively neglect portions of the sinogram, which in our application, can be large. Each bag
contains some uniform objects, such as liquids, that are shown numbered in the original images in Figures 2, 5
and 6. The CT number distributions within these objects were measured. The standard deviation is smaller in the
MAR images than the originals for all but two objects. One is the object 1 in Fig. (6). In the other object (image
not shown), the standard deviation of the original and MAR images are about the same, but the histogram of the
original image is bimodal, while the histogram of the MAR image is unimodal but has a tail which is responsible
for the standard deviation. According to the KS2 test, the CT distributions are different at the 0.05 significance
level (p-values not shown). The average standard deviations weighted by object size are 197 and 121 MHU for
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original and MAR images respectively. The CDF for an example object is shown in Fig. (7).
We also evaluate our performance against the iterative projection replacement (IPR) method [12]. We chose this

method as a benchmark because of its good results on medical images, and because it makes no assumptions about
image content, which makes it more robust than methods specific to medical imaging. We did not compare with the
more commonly used benchmark [5] because of its poorer performance than IPR. We computed optimal solutions
of of the same size as with our method. This made it possible to reconstruct the images on our 16-processor GPU
with 96 GB RAM using the same solver, NESTA, [34] and optimization problem definition. While the authors do
not specify image sizes in [12], they state that resolution matching is not required.

We make some improvements to the IPR prior. We copy the original metal into the prior-image, and set any
voxels with values below air to the value of air (0 MHU). These are trivial changes with large improvements in
image quality, and are done in most sinogram replacement methods. IPR substitutes the metal traces in the scanner
sinogram with reprojected prior-image traces. Substitution may result in discontinuities at the edges of metal traces,
hence it may not give good data estimates [13]. Therefore, in addition to IPR results, we compute and present the
results of using [7] for data replacement, along with the clipping in Eqn. (10) to further reduce blurring, and call
this IPR+. Objects in IPR and IPR+ images appear to be distorted or fused together as shown in Fig. 8. Their edges
are blurred in the prior-image (because all sinogram data containing metal are discarded).

The cloud plots generated by Stratovan Corp are given in Fig. 9. The plots labeled Xrec are for the original
images. These use the Xrec corrected data, but filtered backprojection functions from Matlab. The plots show that
standard deviation decreases but the spread of the mean does not. The segmentation is shown improved for water and
doped water but worse for sheets. However, the sheet segmentation results are misleading. They are included here
only for completion. The ground truth labeled each stacked sheet a seperate object, but the segmentation algorithms
( CCL and Tumbler ) combined the sheets since they are touching. In the original images, metal artifacts, rather
than sheet boundaries, cause the segmentation algorithms to fragment the stacked sheets. In the MAR images, there
are fewer fragments. The evaluation concludes that the ground truth sizes are closer to the fragment sizes, rather
than the stack sizes, leading to better segmentation results for the original images. The issue is illustrated in Fig. 10.

There are many areas to explore for further reduction of residual artifacts and preservation of small structures.
From the original image, we can develop box constraints per image voxel. We can continue to explore the use
of alternate objective functions [42]–[44]. A faster solver or iterative reconstruction techniques may allow us to
reconstruct larger optimal images to better preserve small structures.

IV. CONCLUSIONS

We have developed a new method for metal artifact reduction and tested it on images of luggage with up to 27
pieces of metal. The results from our method show that metal artifacts were significantly reduced based on both visual
assessment and quantitative evaluation. Our contributions are in four areas. The first area is a new formulation of an
optimization problem, including projection weighting and a constraint. Existing literature discards metal projections,
but we do not, so that details and contrast are better preserved. We use a constraint that accomodates beam hardening
and scatter, and gives better results than the non-negativity constraint of previous literature. The second contribution
is to express our problem as the difference of solutions to two different optimization problems, which removes
the effects of mismatched spatial resolution from FBP and optimal solutions, and isolates the artifacts. The third
is miniaturization, which allows us to directly solve the constrained optimization problem, and the subsequent
upsampling for its use in metal artifact reduction. The fourth contribution is in quantitative evaluation. We are the
first to explloit the existence of objects known to be of uniform material to obtain quantitative assessment of MAR
algorithms.
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APPENDIX A
CONSTRAINT TO ACCOMODATE BEAM HARDENING

In this section we discuss the reason for the linear constraint in Eqn. (2). Monoenergetic attenuation is described
by the following equation [45]:

I(s, θ) = I0e
−

∫
s+lθ∈L

µ(s+lθ,E0)dl (11)

so that the log-attenuation projections are recovered by

p(s, θ) =

∫

s+lθ∈L
µ(s+ lθ, E0)dl = log

(
I0

I(s, θ)

)
(12)

The integration here is over the scanned space L between source and detector, s is a vector representing the
source position, and θ is a unit vector in the direction from the source position to a detector element.

In CT scanners, the x-ray beam is polyenergetic. If the spectrum is denoted by S(E), then polyenergetic
attenuation is described by the following equation [45]:

I(s, θ) =

∫
S(E)e−

∫
s+lθ∈L

µ(s+lθ,E)dldE (13)

However, the measured log-attenuation projections are still calculated with (12). If we normalize I0 to 1, then
S(E) represents a probability mass function for the incident energy. Consider a homogenous object. The expression

− log

∫
e−µ(E)ldE (14)

is a concave function in the path length l since it is of the -log-sum-exp form [46]. This function includes zero,
is non-decreasing and is positive. Therefore, the measured value is always less than the ideal. This justifies our
constraint.

APPENDIX B
NOISE ESTIMATION

We estimate σp in Eqn. (2) based on a scan of air.
The number of photons collected in a finite time and area, such as a detector sample, is governed by a Poisson

distribution [2]. In a Poisson distribution, the mean equals the variance [47]. If the mean number of photons is
denoted by N̄ and the signal-to-noise ratio (SNR) is denoted by S, then

S =
N̄√
N̄

(15)

In a CT scanner, the photons are not counted on a detector. Rather, the x-ray intensity is measured in “counts”,
which include detector element-specific gains and various conversion factors. Therefore, the number of photons,
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and photon noise cannot be estimated directly from counts. We measure the SNR from counts, and square the SNR
to obtain the number of noise-equivalent photons.

Variance in measured counts comes not only from Poisson statistics, but also from sources of coherent noise,
such as tube voltage and current fluctuations. We remove these coherent errors by sliding monitor correction [48].
This correction normalizes each detector sample by the mean value of its nine closest neighbors (including itself)
within the same view. This correction removes noise that is not related to the probablity density function (PDF) of
x-ray emission. Therefore, SNR per detector is calculated after sliding monitor correction.

After attenuation, neglecting beam hardening and beam hardening correction, the number of photons detected in
sample i is given by

N(i) = No exp(−b(i)) (16)

where b represents the scanner projections. We drop the argument i for clarity below.
After taking the logarithm, the variance in the sample measurement is given by [47]:

σ2
log = N |f ′(N)|2 = N

(
1

N

)2

=
1

N
(17)

Radial and tangential interpolation are applied when rebinning from fan to parallel data. These are based on
linear interpolation. Each of these is sample location dependent, however for simplicity, we apply an average
weight. Consider linear interpolation with a weight w between two samples x1 and x2. The output is defined as:

y = wx1 + (1− w)x2 (18)

For the weight w, the noise in the output is given by

σpar = (w2 + (1− w)2)σ2
log (19)

We compute an average for all weights from zero to one.

σ2
par = σ2

log

∫ 1

0
(w2 + (1− w)2)dw =

2

3
σ2
log (20)

As mentioned in Section II-B2, we have low-pass filtered the sinogram before downsampling it. We denote the
filter by H(ω). The effect of the filtering on noise is calculated using Parseval’s theorem. The noise estimate per
sample used in Eqn. (2) is given as:

σ2
p = σ2

par

∫ Ω

−Ω
|H(ω)|2dω (21)

We have neglected electronic noise, but this is orders of magnitude lower than photon noise, and we see no
photon starvation in our images.
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Original MAR

Fig. 5. Slices through different bags showing a variety of objects, metals and configurations. Each row shows one test case. In each row, the
original image is shown on the left, and the MAR image is on the right. The numbered objects in the original images are uniform objects
that are numerically evaluated.The arrow indicates an example of a bright metal artifact.
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Original MAR

Fig. 6. Original and MAR images showing some shortcomings of our method. The arrow in the original image shows a pot which creates
artifacts.

Fig. 7. Histogram (left) and CDF (right) for object 2 from the bag in Fig. (2)
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IPR IPR+ Our method

Fig. 8. Comparison of IPR, IPR+ and our method on two bags. IPR shows a loss of edges as shown inside the blue oval, IPR+ shows a
small improvement over IPR, and our method shows the best restoration of edges. In the bottom row, arrows point to the streak artifacts
from the substitution of reprojected prior-image samples for the original sinogram samples.
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Fig. 9. Cloud plots for water, doped water and rubber sheets. The top two rows show mean and standard deviation, the bottom rows show
segmentation results.
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Fig. 10. Illustration of how the segmentation algorithm fragments the sheets due to metal artifacts, not due to the sheet boundaries. The left
image is the original image, and the right image has the Tumbler label superimposed.
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Abstract	
 
To support the TO3 project, as well as create a lasting resource for further research in 
tomographic reconstruction for security, a data campaign was performed to acquire as set of 
raw tomographic data, associated scanner models, and matched simulations. The goals of this 
effort 1) were to acquire raw data, models, and documentation and place them into the public 
domain to allow third parties to develop advanced algorithms. 2) To acquire tomographic data 
for objects of interest, including water, saline, rubber sheets, and glass beads. 3) To support the 
generation of performance metrics, including feature clouds, pixel means, standard deviations 
by providing multiple scans of objects in different configurations, orientations, clutter states, 
etc. 4) To allow work on both single and dual energy CT reconstruction problems.  
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Introduction	
 

To support the TO3 project, as well as create a lasting resource for further research in 
tomographic reconstruction for security, a data campaign was performed to acquire as set of 
raw tomographic data, associated scanner models, and matched simulations. The goals of this 
effort were 
 

1) To acquire raw data, models, and documentation and place them into the public domain 
to allow third parties to develop advanced algorithms.  

2) To acquire tomographic data for objects of interest, including water, saline, rubber 
sheets, and glass beads.  

3) To support the generation of performance metrics, including feature clouds, pixel 
means, standard deviations by providing multiple scans of objects in different 
configurations, orientations, clutter states, etc.  

4) To allow work on both single and dual energy CT reconstruction problems.  

Resource	Overview	
 

An overview of the TO3 Data Resource is given in Figure 1. We believe this resource to be the only open 
access X‐ray based security resource for third parties in current existence.  

 

 

 

 

 

 

 

Figure 1: TO3 Data Resource Overview 

The resource consists of three interrelated components. First is a set of raw CT data corresponding to a 
set of scenes of interest in security problems. This data is raw machine projection data. Second is a 
corresponding set of validated scanner models and documentation, allowing reconstruction of the 
supplied projection data. This scanner model and validation is discussed in another project document 
created Patrick J. La Riviere of University of Chicago. Third, is a matching validated simulation of the 

Raw CT 
Data

Validated 
Scanner

Matching 
Simulations
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scanner together with phantom object models. This simulation is discussed in another project document 
created by Taly Gilat‐Schmidt of Marquette University.  

The resource and associated data are based on the Imatron C300 electron beam scanner. This is a 
medical scanner not in current production. Overall there are 82 Gb of raw data, images, software, and 
documentation in the resource. The data contains both mono‐energetic and dual energy data.  

Imatron	C300	Scanner	
 

 The data in the TO3 Data Resource was acquired from an Imatron C300 electron beam scanner. This 
medical scanner is an electron beam scanner with fixed detector rings and a scanning electron beam 
hitting circumferential targets creating a fan of X‐rays. Access to all machine details was provided by 
Doug Boyd, founder of Imatron. Access to the original reconstruction and data processing source code 
was provided by Bob Senzig of GE Healthcare. The C300 scanner is shown in Figure 2. 

Figure 2: Overview of Imatron C300 Scanner 

The project was given access to the entire software processing chain, all raw sinogram and intermediate 
data products, and nominal reconstructions. Researcher primarily used rebinned parallel sinogram data, 
though other data products are available in the TO3 data resource for additional third party use. The 
data flow of the software processing chain for the C300 is shown in Figure 3. 
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Figure 3: Imatron C300 software processing chain. 

TO3	Data	Resource	Scan	Collection	Summary	
 

The TO3 Data Resource is composed of a number of scans taken over the last year and a half. These 
scans include the following: 

 Scans of objects of interest, such as water, saline, rubber sheets, as well as clutter. There are 61 
scans in this set of mixed mono and dual energy.   

 A high clutter scan of suitcase bag. This can was a scan of a challenging high clutter scenario of a 
bag with both objects of interest as well as significant clutter. There is a single scan in this set.  

 Scans of bottles with glass and plastic beads. There are three scans in this set. The scans are of 
beads of both isolated and mixtures of the beads. 

 Scans of Al and Cu calibration objects, resolution phantoms, and a suitcase bag. There are 34 
scans in this set.  

 Scans of resolution and mult‐ipin phantoms and some suitcase bags. There are 21 scans in this 
set.  

 Calibration scans for 95keV operation. There are 11 scans in this set.  
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Views

FFT 
Views

Fourier 
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The data contain a mixture of single energy scans at 130keV and dual energy scans were done at 95keV 
and 130keV. The Imatron was intended to be operated at the single 130keV energy and to use it at a 
different energy requires retuning and recalibration. The maximum energy spread that we found 
practically possible with the C300 was the chosen dual energy pair.  

Scanned	Objects	
 

A set of objects were scanned under TO3. The objects scanned were chosen to allow calibration of 
tomographic sensing models, to allow generation of object feature clouds, and to provide realistic 
clutter in imagery.  These scanned objects included: 

 Reference and calibration objects, such as the NIST 10010‐A phantom, Al calibration steps, Cu 
calibration steps. 

 Objects of interest for metric generation. These objects of interest were chosen to be a small set 
of materials in different configurations, orientations, and clutter states to allow the generation 
of feature clouds. The materials in the set were 1) distilled water in plastic containers, glass 
containers, and metal containers of various sizes. 2) Doped (saline) water in the same 
containers, and 3) rubber sheets.  

 Other known materials in know configurations. These materials included glass and plastic beads, 
graphite, Teflon, and PVC in cylinders, sheets, and cubes. 

 Clutter objects. Clutter objects were chosen to be cultural objects, such as pots, shoes, AC 
adapters, and a radio.  

Most materials were obtained from McMaster Carr. Figure 4 shows a sampling of the scanned objects 
and some of their configurations. Some sample conventional reconstructions are shown in Figure 5. 

 

 

 

 

 

 

 

 

Figure 4: Sampling of scanned objects and packings. 
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Figure 5: Example xrec reconstructions. 

Data	Share	Storage	and	Access	
 

The TO3 Data Resource is currently warehoused on a networked server (FTP) at Boston University. The 
site contains raw data, reconstruction software, documentation, scanner models, and matched 
simulations. Access to the Resource can be obtained after the end of the project by sending a request to 
the ALERT management team at Northeastern University.  

Lessons	Learned	
 

Getting every aspect of a data campaign exactly right is very difficult, and the TO3 Data Resource was no 
exception. Over the course of the project a number of lessons were learned. First, the Imatron C300 is 
not naturally a dual energy scanning machine. The spectrum has to be switched between scans, 
requiring recalibration and slowing acquisition. Further, maximal practical spread in the imaging spectra 
is not very large, reducing spectral diversity. Another lesson was that significant care is needed in 
planning the scanning. Careful records of the objects scanned, their location, and their properties are 
needed.  

Conclusions	
 

The TO3 Data Resource met its original set of goals. An open set of validated data, models, and matched 
simulation now exists for algorithm development by 3rd parties. The TO3 project researchers, in 
particular, used the Data Resource to develop new algorithms. The impact of these new algorithms on 

Clean Medium Clutter High Clutter
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metrics relevant to ATR, such as feature cloud spread, were evaluated and demonstrated to show 
improvement.  
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Appendix	A:	Imatron	Output	Image	types	
 

Image Type  Output 
Type Flag 

Data Range  Col/Row  Type  Comments  Additional Comments 

Fourier Image  sf  ~‐10,000,000 
to 
+20,000,000 

1024x1026  32 bit 
Float 

Fourier 
Image 

This is 2D Fourier transform 
of the image. Complex 
image.  

M format Fourier  sm  ~‐10,000,000 
to 
+30,000,000 

1024x1024  32 bit 
Float 

M format 
Fourier 
image 

This is also the 2D Fourier 
transform of the image, but 
scaled appropriately. 
Complex image.  

Real Image  sr    1024x1024    Real image  This is one of the final 
stages in the the gridding 
algorithm. The scaling 
needs to be normalized by 
the division of a Gaussian 
function and it needs to be 
circularly shifted. Real 
image.  

Center Normed 
Real Image 

sn    512x512  32 bit 
Float 

Center of 
normed real 
image 

This is effectively the final 
image. The image has 0.0 
as air and 1000.0 as water 
with no header. It is 
transposed wrt the dicom 
image.  

Final dicom image  dicomout    512x512  16 bit 
Integer 

Saves final 
image in HU 
in dicom 
format 

This is the final image. It is 
the sn image transposed, 
masked to its central 
portion and cast as a 16 
integer with a 12 bit range 
(4096) and thus may be 
clipped. 
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Appendix	B:	Imatron	Intermediate	Sinogram	Types	
 

Sinogram Type  Sinogram Flag  St
ep 

Comments  Range of Data  Col/R
ow 

Data 
Type 

Logged Air  air  ‐  Calibration air data are converted from integer to floating‐point values 
and are displayed as a sinogram. 

0.0 to 12.5  864x8
88 

32 bit 
Float 

Raw  raw  1  Raw data (in 16‐bit DAS format) are converted to floating point data. 
No corrections are applied. 

0.0 to 262080.0  864x8
88 

32 bit 
Float 

Offset Corrected 
Raw 

off  2  Raw data minus detector offset data. (ADC Offset corrected)  0.0 to 262080.0  864x8
88 

32 bit 
Float 

Scatter 
Corrected Raw 

idg  ‐  Big Scatter correction data   0.0 to 262080.0  864x8
88 

32 bit 
Float 

Small scatter 
correction 

sss  ‐  Small scatter correction data sinogram (144 x 150 x 1 byte)  0 to 255  140x1
50 

8 bit 
Integer 

Scatter 
Correction 

sct  3  Scatter corrected data  0.0 to 262080.0  864x8
88 

32 bit 
Float 

Logged Raw  log  4  The natural log (ln) of scatter corrected raw data (sct).  0.0 to 12.5  864x8
88 

32 bit 
Float 

Normalized  nrm  5  Logged air data minus logged raw data. Intensity correction is applied. 
Note this does not appear equal to air‐log exactly.  

0 to 12.5  864x8
88 

32 bit 
Float 

Gap correction  gap  6  Smoothed and Target gap corrected data  0 to 12.5  864x8
88 

32 bit 
Float 

Linearized  lin  7  A uniformity correction (beam hardening correction) is applied to 
normalized data. 

0 to 12.5  864x8
88 

32 bit 
Float 

Interpolated  int  8  Target gap correction is applied to linearized data.  Data are 
interpolated to equiangular detector fans. (interpolated to pin 
calibration data) 

0 to 12.5  864x8
88 

32 bit 
Float 

Bad Detectors  bad  9  Bad detectors replaced. It appears corners have been filled too. Tip 
says there is no difference between BAD, CFL, CLP sinograms in Xrec. 
And that all these flags put out the CFL sinogram. 

0 to 12.5  864x8
88 

32 bit 
Float 

Corner Filled  cfl  10  Corner filling is applied to interpolated data. Corners and phantom 
views contain non‐zero data in this sinogram. Flagged bad channels 
are removed by discarding data from the flagged channels and 
substituting values calculated from adjacent channels. Tip says CFL is 
identical to BAD. clf also appears to be identical to the ‐sfi sinogram 
except for a 3 pixel horizontal (angle) shift. 

0 to 12.5  864x8
88 

32 bit 
Float 

Scaled  scl  11  Scaled to H2O calibration data  0 to 12.5  864x8
88 

32 bit 
Float 

Clipped  clp  12  Clipped Data. Tip says CLP is identical to BAD and CFL  0 to 12.5  864x8
88 

32 bit 
Float 

Convolved  cnv  13  The corner filled data are filtered (convolved). At this stage, large 
positive and negative numbers in the sinogram will be seen. 

 ‐500000 to 
500000, 
approximate 

864x8
88 

32 bit 
Float 

             

Note: Not sure what the difference is between "idg", "sss", and "sct" sinograms.       

Note: cnv is affected by choice of 
kernel 

         

Note: linearized sinogram data is not equiangular. More information about linearized sinogram geometry is available under "Reference 
Material" folder 
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Appendix	C:	Imatron	Output	Sinogram	Types	
 

Sinogram Type  Output Type Flag  Data Range  Col/Row  Data Type  Comments 

Filled Fan Beam  sfi  ~ ‐2 to +10  864x892  32 bit Float  Filled in fan beam 
sinogram. This 
appears to be 
identical to ‐sino clf 
except for a 3 pixel 
horizontal (angle) 
shift in the sinogram 

Rebinned Parallel  sp  ~‐5 to +50  1024x720  32 bit Float  Standard rebinned 
parallel sinogram. 
Note this sinogram 
is scaled by a factor 
of 4.2296 

Convolved Projections  scv  ~‐10,000 to +10,000  1024x720  32 bit Float  Filtered (i.e. 
convolved) 
sinogram. Note: scv 
is affected by choice 
of kernel 

Transformed Views  st  ~‐300,000 to +300,000  1024x1440  32 bit Float  Transformed views 
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Appendix	D:	Object	of	Interest	Scans	
No  Scan name  New Top Folder 

Name 
Original Imatron Top 
Folder Name 

Single/Du
al Energy 

Objects 

1  NIST 10010‐A  Nist_A  Nist_A  SE  NIST phantom A 

2  NIST 10010‐B  Nist_B  Nist_B  SE  NIST phantom B 

3  LLNL Bin 1  LLNL_Bin1  LLNL_Bin1  DE  A6 Graphite,  
A7 Teflon,  
A8 Magnesium,  
A9 Silicon,  
A10 Teflon (comp) 

4  LLNL Bin 2  LLNL_Bin2  LLNL_Bin2  DE  A6 Graphite,  
A7 Teflon,  
A8 Magnesium,  
A9 Silicon,  
A11 Delrin (comp) 

5  Rapiscan pieces  Rapiscan_Stuff  Rapiscan_Stuff  SE  Water bottles,  
solid cylinders 

6  LLNL PC 1   LLNLPC_ONE  LLNLPC_ONE  DE  A8 Magnesium,  
A9 Silicon, 
graphite cylinder 

7  LLNL PC 1‐b   LLNLPC_ONEBEE  LLNLPC_ONEBEE  DE  A8 Magnesium,  
A9 Silicon, 
0001 Distilled water in 8 fl. oz. plastic bottle 

8  LLNL PC 2   LLNLPC_TWO  LLNLPC_TWO  DE  0001 Distilled water in 8 fl. oz. plastic bottle,  
0007 Doped (salt) water in 8 fl. oz. plastic bottle 

9  Kach EDEC 1   KACH_EDEC  KACH_EDEC  DE  A6 Graphite,  
A8 Magnesium 

10  Kach EDEC 2   KACH_EDEC2  KACH_EDEC2  DE  NIST Phantom Aluminium cylinder,  
1015 3" Diameter graphite cylinder 

11  Tungsten wire 1  Tungsten_wire  Tungsten_wire  DE  1019 0.5 mm tungsten wire 

12  Tungsten wire 2  Tungsten_wire2  Tungsten_wire2  DE  1019 0.5 mm tungsten wire,  
Different orientation 

13  Beads  Bottle_Beads  Bottle_Beads  DE  0014 ~500 x 1/4" Acrylic beads in 4oz plastic bottle,  
0015 ~500 x 1/4" Glass beads in 4oz plastic bottle,  
0016 ~200 x 1/4" Acrylic & ~200 1/4" Glass beads in 4oz plastic 
bottle 

14  Water and salt 
water in plastic 
bottles 1 

Water_2000ml  Water_2000ml  DE  0004 Distilled water in 64 fl. oz. plastic bottle,  
0010 Doped (salt) water in 64 fl. oz. plastic bottle 

15  Water and salt 
water in plastic 
bottles 2 

Water_2000ml2  Water_2000ml2  SE  0004 Distilled water in 64 fl. oz. plastic bottle,  
0010 Doped (salt) water in 64 fl. oz. plastic bottle 
Different orientation 
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16  Water and salt 
water in steel 
bottles 

Water_Steel  Water_Steel  SE  0005 Distilled water in 16 fl. oz. metal bottle,  
0011 Doped (salt) water in 16 fl. oz. metal bottle 

17  Water and salt 
water in glass 
bottles 

Water_Glass  Water_Glass  SE  0006 Distilled water in 16 fl. oz.glass bottle,  
0012 Doped (salt) water in 16 fl. oz. glass bottle 

18  Teflon cylinders  Teflon_Cylinder  Teflon_Cylinder  SE  1001 1‐9/16" Diameter Teflon Cylinder,  
1003 3‐1/16" Diameter Teflon Cylinder 

19  PVC cylinders   PVC_Cylinder  PVC_Cylinder  SE  1007 1‐1/2" Diameter PVC Cylinder,  
1009 3‐1/16 Diameter PVC Cylinder 

20  Graphite cylinders   Graphite_Cylinder  Graphite_Cylinder  SE  1013 1‐1/2" Diameter Graphite Cylinder,  
1015 3" Diameter Graphite Cylinder 

21  Teflon cube  Teflon_Cube  Teflon_Cube  SE  1004 3‐1/2" X 3" X 3‐1/16" Teflon cube 

22  PVC cube   PVC_Cube  PVC_Cube  SE  1010 3" X 3‐3/16" X 3" PVC cube 

23  Graphite cube   Graphite_Cube  Graphite_Cube  SE  1016 3" X 3" X 3" Graphite cube 

24  Teflon and PVC 
sheets 1 

Teflon&PVC_Sheet  Teflon&PVC_Sheet  SE  1005 1/4" X 6" X 12" Teflon Sheet,  
1011 1/4" X 6" X 12" PVC Sheet 

25  Teflon and PVC 
sheets 2 

Teflon&PVC_Sheet2  Teflon&PVC_Sheet2  SE  1005 1/4" X 6" X 12" Teflon Sheet,  
1011 1/4" X 6" X 12" PVC Sheet 
Different orientation 

26  Teflon and PVC 
sheets 3 

Teflon&PVC_Sheet3  Teflon&PVC_Sheet3  SE  1005 1/4" X 6" X 12" Teflon Sheet,  
1011 1/4" X 6" X 12" PVC Sheet 
Different orientation 

27  Carl's shoes  Carl_Shoes  Carl_Shoes  SE  Carl's Shoes,  
0001 Distilled water in 8 fl. oz. plastic bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
2040 AC Adapter 

28  Rubber and 
graphite sheets 1  

Graphite&Rubber_Sh
eet 

Graphite&Rubber_Shee
t 

SE  0013 1/4" X 12" X 12" Rubber sheet,  
1017 1/4" X 6" X 12" Graphite sheet 

29  Rubber and 
graphite sheets 2  

Graphite&Rubber_Sh
eet2 

PVC&Rubber_Sheet2  SE  0013 1/4" X 12" X 12" Rubber sheet,  
1017 1/4" X 6" X 12" Graphite sheet 
Different orientation 

30  Water, salt water 
and solid 
cylinders 

Water&Solid_Cylinde
rs 

Water&Solid_Cylinders  SE  0002 Distilled water in 16 fl. oz. plastic bottle,  
0008 Doped (salt) water in 16 fl. oz. plastic bottle,  
1002 2‐5/16" Diameter Teflon Cylinder,  
1008 2‐1/4" Diameter PVC Cylinder 

31  Medium clutter 
bag 1  

Medium_Clutter1  Medium_Clutter1  DE  0002 Distilled water in 16 fl. oz. plastic bottle,  
0008 Doped (salt) water in 16 fl. oz. plastic bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
0014 ~500 x 1/4" Acrylic beads in 4oz plastic bottle,  
0015 ~500 x 1/4" Glass beads in 4oz plastic bottle,   
0016 ~200 x 1/4" Acrylic & ~200 1/4" Glass beads in 4oz plastic 
bottle 
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32  Medium clutter 
bag 2  

Medium_Clutter2  Medium_Clutter2  SE  0002 Distilled water in 16 fl. oz. plastic bottle,  
0008 Doped (salt) water in 16 fl. oz. plastic bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
0014 ~500 x 1/4" Acrylic beads in 4oz plastic bottle,  
0015 ~500 x 1/4" Glass beads in 4oz plastic bottle,   
0016 ~200 x 1/4" Acrylic & ~200 1/4" Glass beads in 4oz plastic 
bottle 
Repacking 

33  Medium clutter 
bag 3  

Medium_Clutter3  Medium_Clutter3  SE  0002 Distilled water in 16 fl. oz. plastic bottle,  
0008 Doped (salt) water in 16 fl. oz. plastic bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
0014 ~500 x 1/4" Acrylic beads in 4oz plastic bottle,  
0015 ~500 x 1/4" Glass beads in 4oz plastic bottle,   
0016 ~200 x 1/4" Acrylic & ~200 1/4" Glass beads in 4oz plastic 
bottle 
Repacking 

34  Medium clutter 
bag 4  

Medium_Clutter4  Medium_Clutter4  SE  0002 Distilled water in 16 fl. oz. plastic bottle,  
0008 Doped (salt) water in 16 fl. oz. plastic bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
0014 ~500 x 1/4" Acrylic beads in 4oz plastic bottle,  
0015 ~500 x 1/4" Glass beads in 4oz plastic bottle,   
0016 ~200 x 1/4" Acrylic & ~200 1/4" Glass beads in 4oz plastic 
bottle 
Repacking 

35  High clutter bag 1   High_Clutter1  High_Clutter1  DE  0001 Distilled water in 8 fl. oz. plastic bottle,  
0006 Distilled water in 16 fl. oz.glass bottle, 
0007 Doped (salt) water in 8 fl. oz. plastic bottle, 
 0012 Doped (salt) water in 16 fl. oz. glass bottle,  
1004 3‐1/2" X 3" X 3‐1/16" Teflon cube 

36  High clutter bag 2   High_Clutter2  High_Clutter2  SE  0001 Distilled water in 8 fl. oz. plastic bottle,  
0006 Distilled water in 16 fl. oz.glass bottle, 
0007 Doped (salt) water in 8 fl. oz. plastic bottle, 
 0012 Doped (salt) water in 16 fl. oz. glass bottle,  
1004 3‐1/2" X 3" X 3‐1/16" Teflon cube 
Repacking 

37  High clutter bag 3   High_Clutter3  High_Clutter3  SE  0001 Distilled water in 8 fl. oz. plastic bottle,  
0006 Distilled water in 16 fl. oz.glass bottle, 
0007 Doped (salt) water in 8 fl. oz. plastic bottle, 
 0012 Doped (salt) water in 16 fl. oz. glass bottle,  
1004 3‐1/2" X 3" X 3‐1/16" Teflon cube 
Repacking 
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38  High clutter bag 4   High_Clutter4  High_Clutter4  SE  0001 Distilled water in 8 fl. oz. plastic bottle,  
0006 Distilled water in 16 fl. oz.glass bottle, 
0007 Doped (salt) water in 8 fl. oz. plastic bottle, 
 0012 Doped (salt) water in 16 fl. oz. glass bottle,  
1004 3‐1/2" X 3" X 3‐1/16" Teflon cube 
Repacking 

39  ALERT bag 1  Alert_Bag1  Alert_Bag1  SE  0003 Distilled water in 32 fl. oz. plastic bottle,   
0005 Distilled water in 16 fl. oz. metal bottle,  
0009 Doped (salt) water in 32 fl. oz. plastic bottle,  
0011 Doped (salt) water in 16 fl. oz. metal bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
1001 19/16" Diameter Teflon Cylinder,  
1005 1/4" X 6" X 12" Teflon Sheet,  
1007 1‐1/2" Diameter PVC Cylinder,  
1011 1/4" X 6" X 12" PVC Sheet,  
1016 3" X 3" X 3" Graphite cube,  
2045 Boom Box 

40  ALERT bag 2  Alert_Bag2  Alert_Bag2  SE  0003 Distilled water in 32 fl. oz. plastic bottle,   
0005 Distilled water in 16 fl. oz. metal bottle,  
0009 Doped (salt) water in 32 fl. oz. plastic bottle,  
0011 Doped (salt) water in 16 fl. oz. metal bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
1001 19/16" Diameter Teflon Cylinder,  
1005 1/4" X 6" X 12" Teflon Sheet,  
1007 1‐1/2" Diameter PVC Cylinder,  
1011 1/4" X 6" X 12" PVC Sheet,  
1016 3" X 3" X 3" Graphite cube,  
2045 Boom Box 
Repacking 

41  ALERT bag 3  Alert_Bag3  Alert_Bag3  SE  0003 Distilled water in 32 fl. oz. plastic bottle,   
0005 Distilled water in 16 fl. oz. metal bottle,  
0009 Doped (salt) water in 32 fl. oz. plastic bottle,  
0011 Doped (salt) water in 16 fl. oz. metal bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
1001 19/16" Diameter Teflon Cylinder,  
1005 1/4" X 6" X 12" Teflon Sheet,  
1007 1‐1/2" Diameter PVC Cylinder,  
1011 1/4" X 6" X 12" PVC Sheet,  
1016 3" X 3" X 3" Graphite cube,  
2045 Boom Box 
Repacking 
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42  ALERT bag 4  Alert_Bag4  Alert_Bag4  SE  0003 Distilled water in 32 fl. oz. plastic bottle,   
0005 Distilled water in 16 fl. oz. metal bottle,  
0009 Doped (salt) water in 32 fl. oz. plastic bottle,  
0011 Doped (salt) water in 16 fl. oz. metal bottle,  
0013 1/4" X 12" X 12" Rubber sheet,  
1001 19/16" Diameter Teflon Cylinder,  
1005 1/4" X 6" X 12" Teflon Sheet,  
1007 1‐1/2" Diameter PVC Cylinder,  
1011 1/4" X 6" X 12" PVC Sheet,  
1016 3" X 3" X 3" Graphite cube,  
2045 Boom Box 
Repacking 

43  Empty steel and 
glass bottles 

Empty_Containers  Empty_Containers  SE  0005 Distilled water in 16 fl. oz. metal bottle (Empty bottle only), 
0006 Distilled water in 16 fl. oz.glass bottle (Empty bottle only) 

44  Air 95 kV 0.1 s  Air_95‐0.1s  Air_95‐0.1s  SE  Air 

45  Air 95 kV 0.5 s  Air_95‐0.5s  Air_95‐0.5s  SE  Air 

46  Air 130 kV 0.1s  Air_130  Air_130  SE  Air 

47  Copper 95 kV   Copper_95kV  Copper_95kV  SE  Copper step ramp 

48  Copper 130 kV   Copper_130kV  Copper_130kV  SE  Copper step ramp 
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Appendix	E:	Scanned	Material	List	
 

LLNL 
Materials 

           

Material ID  Description  Diam
eter 
(mm) 

Densi
ty 
(g/cm
^3) 

RhoE         
(Mol‐
e/cm^3) 

Zeff  Purity 
(%) 

A6  Graphite  50.87
1 

1.682  0.84  6  99.999 

A7  Teflon  55.30
7 

2,173  1.043  8.44  99.99 

A8  Magnesium  25.3  1.738  0.858  12  99.9 
A9  Silicon  25.33

8 
2.329  1.161  14  99.999 

A10  Teflon (comp)  2.2’’  2.171  1.042  8.44  99.99 
A11  Delrin (comp)  2.0’’  1.403  0.748  7.01  copoly

mer 

             
Imatron 
Materials 

           

Material ID  Description           
0001  Distilled water in 8 fl. oz. plastic bottle           
0002  Distilled water in 16 fl. oz. plastic bottle           
0003  Distilled water in 32 fl. oz. plastic bottle           
0004  Distilled water in 64 fl. oz. plastic bottle           
0005  Distilled water in 16 fl. oz. metal bottle           
0006  Distilled water in 16 fl. oz.glass bottle           
0007  Doped (salt) water in 8 fl. oz. plastic bottle           
0008  Doped (salt) water in 16 fl. oz. plastic 

bottle 
         

0009  Doped (salt) water in 32 fl. oz. plastic 
bottle 

         

0010  Doped (salt) water in 64 fl. oz. plastic 
bottle 

         

0011  Doped (salt) water in 16 fl. oz. metal 
bottle 

         

0012  Doped (salt) water in 16 fl. oz. glass bottle           
0013  1/4" X 12" X 12" Rubber sheet           
0014  ~500 x 1/4" Acrylic beads in 4oz plastic 

bottle 
         

0015  ~500 x 1/4" Glass beads in 4oz plastic 
bottle 
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0016  ~200 x 1/4" Acrylic & ~200 1/4" Glass 
beads in 4oz plastic bottle 

         

0019  0.5 mm tungsten wire           
1001  1‐9/16" Diameter Teflon Cylinder           
1002  2‐5/16" Diameter Teflon Cylinder           
1003  3‐1/16" Diameter Teflon Cylinder           
1004  3‐1/2" X 3" X 3‐1/16" Teflon cube           
1005  1/4" X 6" X 12" Teflon Sheet           
1007  1‐1/2" Diameter PVC Cylinder           
1008  2‐1/4" Diameter PVC Cylinder           
1009  3‐1/16 Diameter PVC Cylinder           
1010  3" X 3‐3/16" X 3" PVC cube           
1011  1/4" X 6" X 12" PVC Sheet           
1013  1‐1/2" Diameter Graphite Cylinder           
1015  3" Diameter graphite cylinder           
1015  3" Diameter Graphite Cylinder           
1016  3" X 3" X 3" Graphite cube           
1017  1/4" X 6" X 12" Graphite sheet           
2040  AC Adapter           
2045  Boom Box           
Carl's Shoes  Carl's Shoes           
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Appendix	F:	Objects	of	Interest	Scan	Images	
 

Scan  Image 
NIST 10010‐A 

NIST 10010‐B 

LLNL Bin 1 

LLNL Bin 2 
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Rapiscan pieces 
 

LLNL PC 1 
 

LLNL PC 1‐b 

LLNL PC 2 

Kach EDEC 1 
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Kach EDEC 2 
 

Tungsten wire 1 
 

Tungsten wire 2 

Beads 

Water and salt 
water in plastic 
bottles 1 
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Water and salt 
water in plastic 
bottles 2 

 

Water and salt 
water in steel 
bottles 

 

Water and salt 
water in glass 
bottles 

Teflon cylinders 

PVC cylinders 
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Graphite 
cylinders 

 

Teflon cube 
 

PVC cube 

Graphite cube 

Teflon and PVC 
sheets 1 
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Teflon and PVC 
sheets 2 

 

Teflon and PVC 
sheets 3 

 

Carl's shoes 

Rubber and 
graphite sheets 1 

Rubber and 
graphite sheets 2 
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Water, salt water 
and solid 
cylinders 

 

Medium clutter 
bag 1 

 

Medium clutter 
bag 2 

Medium clutter 
bag 3 

Medium clutter 
bag 4 
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High clutter bag 
1 

 

High clutter bag 
2 

 

High clutter bag 
3 

High clutter bag 
4 

ALERT bag 1 
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ALERT bag 2 
 

ALERT bag 3 
 

ALERT bag 4 
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Appendix	G:	Material	Images	
 

Material 
ID 

Description     

0001  Distilled water 
in 8 fl. oz. 
plastic bottle 

 

0002  Distilled water 
in 16 fl. oz. 
plastic bottle 

 

0003  Distilled water 
in 32 fl. oz. 
plastic bottle 

 

0004  Distilled water 
in 64 fl. oz. 
plastic bottle 
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0005  Distilled water 
in 16 fl. oz. 
metal bottle 

 

 

0006  Distilled water 
in 16 fl. 
oz.glass bottle 

 

 

0007  Doped (salt) 
water in 8 fl. 
oz. plastic 
bottle 

0008  Doped (salt) 
water in 16 fl. 
oz. plastic 
bottle 

0009  Doped (salt) 
water in 32 fl. 
oz. plastic 
bottle 
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0010  Doped (salt) 
water in 64 fl. 
oz. plastic 
bottle 

 

0011  Doped (salt) 
water in 16 fl. 
oz. metal 
bottle 

 

0012  Doped (salt) 
water in 16 fl. 
oz. glass 
bottle 

0013  1/4" X 12" X 
12" Rubber 
sheet 

 

0014  ~500 x 1/4" 
Acrylic beads 
in 4oz plastic 
bottle 
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0015  ~500 x 1/4" 
Glass beads in 
4oz plastic 
bottle 

 

 

0016  ~200 x 1/4" 
Acrylic & ~200 
1/4" Glass 
beads in 4oz 
plastic bottle 

 

 

1001  1‐9/16" 
Diameter 
Teflon 
Cylinder 

 

1002  2‐5/16" 
Diameter 
Teflon 
Cylinder 

 

1003  3‐1/16" 
Diameter 
Teflon 
Cylinder 
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1004  3‐1/2" X 3" X 
3‐1/16" Teflon 
cube 

 

 

1005  1/4" X 6" X 
12" Teflon 
Sheet 

 

 

1007  1‐1/2" 
Diameter PVC 
Cylinder 

 

1008  2‐1/4" 
Diameter PVC 
Cylinder 

 

1009  3‐1/16 
Diameter PVC 
Cylinder 
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1010  3" X 3‐3/16" X 
3" PVC cube 

 

 

1011  1/4" X 6" X 
12" PVC Sheet 

 

 

1013  1‐1/2" 
Diameter 
Graphite 
Cylinder 

 

1015  3" Diameter 
graphite 
cylinder 

 

1016  3" X 3" X 3" 
Graphite cube 
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1017  1/4" X 6" X 
12" Graphite 
sheet 

 

 

1019  0.5 mm 
tungsten wire 

 

 

2040  AC Adapter   

2045  Boom Box   

Carl's 
Shoes 

Carl's Shoes     
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Appendix	H:		Object	of	Interest	Scan	Raw	File	Information	
 

RCP  Study  Patient  Study
# 

kV  Level
s 

Slices  Note  Size  Notes 

RCP‐
004728 

42017  Nist_A                          42017  130  280  1..280    386,504,127   

RCP‐
004730 

42019  Nist_A                          42019  130  183  281..46
3 

  253,542,735   

RCP‐
004733 

42022  Nist_B                          42022  130  280  1..280    386,504,127   

RCP‐
004734 

42023  Nist_B                          42023  130  220  281..56
0 

  304,259,967   

RCP‐
004736 

42025  LLNL_Bin1                       42025  130  260  1..260    359,089,421   

RCP‐
004738 

42027  LLNL_Bin1                       42027  95  56  1..56    79,520,205   

RCP‐
004740 

42029  LLNL_Bin1                       42029  95  56  57..112    79,520,205   

RCP‐
004741 

42030  LLNL_Bin1                       42030  95  56  113..16
8 

  79,520,205   

RCP‐
004742 

42031  LLNL_Bin1                       42031  95  56  169..22
4 

  79,520,205   

RCP‐
004743 

42032  LLNL_Bin1                       42032  95  56  225..28
0 

  79,520,205   

RCP‐
004744 

42033  LLNL_Bin2                       42033  95  56  1..56    79,520,205   

RCP‐
004746 

42034  LLNL_Bin2                       42034  95  56  57..112    79,442,639  Slices 
113..260 are 
missing for 
95kV 

RCP‐
004747 

42040  LLNL_Bin2                       42040  130  260  1..260    359,089,421   

RCP‐
004748 

42041  Rapiscan_Stuff                  42041  130  172  1..172    238,464,657   

RCP‐
004749 

42042  LLNLPC_ONE                      42042  130  160  1..160    222,015,823   

RCP‐
004750 

42043  LLNLPC_ONE                      42043  95  56  1..56    79,520,207   

RCP‐
004751 

42044  LLNLPC_ONE                      42044  95  56  57..112    79,520,207   

RCP‐
004752 

42045  LLNLPC_ONE                      42045  95  56  113..16
8 

  79,520,207   

RCP‐
004753 

42046  LLNLPC_ONEBEE                 42046  95  56  1..56    79,520,211   

RCP‐
004754 

42047  LLNLPC_ONEBEE                 42047  95  56  57..112    79,520,211   

RCP‐
004755 

42048  LLNLPC_ONEBEE                 42048  95  56  113..16
8 

  79,520,211   

RCP‐
004756 

42049  LLNLPC_ONEBEE                 42049  130  160  1..160    222,015,827   

RCP‐
004757 

42050  LLNLPC_TWO                     42050  130  160  1..160    222,015,821   

RCP‐
004759 

42052  LLNLPC_TWO                     42052  95  56  1..56    79,520,205   

RCP‐ 42053  LLNLPC_TWO                     42053  95  56  57..112    79,520,205   
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004760 

RCP‐
004761 

42054  LLNLPC_TWO                     42054  95  56  113..16
8 

  79,520,205   

RCP‐
004780 

42072  KACH_EDEC                       42072  130  6  1..6    10,922,473  In slice 1 
there is a 
dropout in 
the raw data, 
probably due 
to a 
spark.  This 
leads to 
streaks in the 
reconstructe
d image. 
Slices 2‐6 are 
clear. 

RCP‐
004781 

42073  KACH_EDEC                       42073  95  6  1..6    10,929,001   

RCP‐
004782 

42074  KACH_EDEC2                     42074  95  6  1..6    10,929,007   

RCP‐
004783 

42075  KACH_EDEC2                     42075  130  6  1..6    10,922,479   

RCP‐
004784 

42076  Tungsten_Wire                  42076  130  6  1..6    10,922,483   

RCP‐
004785 

42077  Tungsten_Wire                  42077  95  6  1..6    10,929,011   

RCP‐
004786 

42078  Tungsten_Wire2                 42078  95  20  1..20    30,134,549   

RCP‐
004787 

42079  Tungsten_Wire2                 42079  130  20  1..20    30,112,789   

RCP‐
004788 

42080  Bottle_Beads                    42080  130  230  1..230    317,967,347   

RCP‐
004789 

42081  Bottle_Beads                    42081  95  56  1..56    79,520,211   

RCP‐
004790 

42082  Bottle_Beads                    42082  95  56  57..112    79,520,211   

RCP‐
004791 

42083  Bottle_Beads                    42083  95  56  113..16
8 

  79,520,211   

RCP‐
004792 

42084  Bottle_Beads                    42084  95  56  169..22
4 

  79,520,211   

RCP‐
004793 

42085  Water_2000                      42085  95  40  1..40    57,571,021   

RCP‐
004794 

42086  Water_2000                      42086  130  40  1..40    57,527,501   

RCP‐
004804 

42096  copper_ramp                     42096  95  1  1..1  0.080
" 

4,073,967   

RCP‐
004805 

42097  copper_ramp                     42097  95  1  1..1  0.070
" 

4,073,967   

RCP‐
004806 

42098  copper_ramp                     42098  95  1  1..1  0.060
" 

4,073,967   

RCP‐
004807 

42099  copper_ramp                     42099  95  1  1..1  0.050
" 

4,073,967   

RCP‐
004808 

42100  copper_ramp                     42100  95  1  1..1  0.040
" 

4,073,967   

RCP‐
004809 

42101  copper_ramp                     42101  95  1  1..1  0.030
" 

4,073,967   

RCP‐ 42102  copper_ramp                     42102  95  1  1..1  0.020 4,073,967   
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004810  " 

RCP‐
004811 

42103  copper_ramp                     42103  95  1  1..1  0.010
" 

4,073,967   

RCP‐
004812 

42104  copper_ramp                     42104  95  1  1..1  Air  4,073,967   

RCP‐
004822 

42114  Water_Steel                     42114  130  40  1..40    57,527,503   

RCP‐
004823 

42115  Water_Glass                     42115  130  50  1..50    71,234,865   

RCP‐
004824 

42116  Teflon_Cylinder                 42116  130  34  1..34    49,330,839   

RCP‐
004825 

42117  PVC_Cylinder                    42117  130  50  1..50    71,234,869   

RCP‐
004826 

42118  Graphite_Cylinder              42118  130  34  1..34    49,303,101   

RCP‐
004827 

42119  Teflon_Cube                     42119  130  36  1..36    52,044,563   

RCP‐
004828 

42120  PVC_Cube                        42120  130  70  1..70    98,687,661   

RCP‐
004830 

42122  Graphite_Cube                  42122  130  36  1..36    52,044,571   

RCP‐
004831 

42123  Teflon&PVC_Sheet             42123  130  44  1..44    63,010,457   

RCP‐
004832 

42124  Teflon&PVC_Sheet2           42124  130  44  1..44    63,010,465   

RCP‐
004833 

42125  Teflon&PVC_Sheet3           42125  130  70  1..70    98,649,601   

RCP‐
004834 

42126  Carl_Shoes                      42126  130  232  1..232    320,708,815   

RCP‐
004835 

42127  Graphite&Rubber_Shee
t          

42127  130  54  1..54    76,717,829   

RCP‐
004836 

42128  PVC&Rubber_Sheet2         42128  130  100  1..100    139,771,675   

RCP‐
004837 

42129  Water_2000ml2                  42129  130  124  1..124    172,669,333   

RCP‐
004838 

42130  Water&Solid_Cylinders     42130  130  60  1..60    84,942,245   

RCP‐
004839 

42131  Medium_Clutter1               42131  130  280  1..280    386,504,155   

RCP‐
004840 

42132  Medium_Clutter1               42132  130  110  281..39
0 

  153,479,035   

RCP‐
004841 

42133  Medium_Clutter1               42133  95  56  1..56    79,520,219   

RCP‐
004842 

42134  Medium_Clutter1               42134  95  56  57..112    79,520,219   

RCP‐
004843 

42135  Medium_Clutter1               42135  95  56  113..16
8 

  79,520,219   

RCP‐
004844 

42136  Medium_Clutter1               42136  95  56  169..22
4 

  79,520,219   

RCP‐
004845 

42137  Medium_Clutter1               42137  95  56  225..28
0 

  79,520,219   

RCP‐
004846 

42138  Medium_Clutter1               42138  95  56  281..33
6 

  79,520,219   

RCP‐
004847 

42139  Medium_Clutter1               42139  95  56  337..39
2 

  79,520,219   

RCP‐
004848 

42140  AIr_95kV                        42140  95  10  1..10  0.1s  16,405,415   
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RCP‐
004849 

42141  High_Clutter1                   42141  95  56  1..56    79,520,213   

RCP‐
004850 

42142  High_Clutter1                   42142  95  56  57..112    79,520,213   

RCP‐
004851 

42143  High_Clutter1                   42143  95  56  113..16
8 

  79,520,213   

RCP‐
004852 

42144  High_Clutter1                   42144  95  56  169..22
4 

  79,520,213   

RCP‐
004853 

42145  High_Clutter1                   42145  95  56  225..28
0 

  79,520,213   

RCP‐
004854 

42146  High_Clutter1                   42146  95  56  281..33
6 

  79,520,213   

RCP‐
004855 

42147  High_Clutter1                   42147  95  56  337..39
2 

  79,520,213   

RCP‐
004856 

42148  Air_95                          42148  95  10  1..10  0.5s  16,416,291   

RCP‐
004857 

42149  High_Clutter1                   42149  130  280  1..280    388,685,120   

RCP‐
004858 

42150  High_Clutter1                   42150  130  160  281..44
0 

  222,015,829   

RCP‐
004859 

42151  Air_130                         42151  130  10  1..10  0.1s  16,405,413   

RCP‐
004860 

42152  Medium_Clutter2               42152  130  280  1..280    388,685,120   

RCP‐
004861 

42153  Medium_Clutter2               42153  130  160  281..44
0 

  224,248,640   

RCP‐
004865 

42157  Medium_Clutter3               42157  130  160  281..44
0 

  222,015,835   

RCP‐
004866 

42158  Medium_Clutter4               42158  130  280  1..280    386,504,155   

RCP‐
004867 

42159  Medium_Clutter4               42159  130  160  281..44
0 

  222,015,835   

RCP‐
004868 

42160  High_Clutter2                   42160  130  280  1..280    386,504,147   

RCP‐
004870 

42162  High_Clutter2                   42162  130  110  281..39
0 

  153,479,027   

RCP‐
004871 

42163  High_Clutter3                   42163  130  280  1..280    386,504,147   

RCP‐
004872 

42164  High_Clutter3                   42164  130  110  281..39
0 

  153,479,027   

RCP‐
004873 

42165  High_Clutter4                   42165  130  280  1..280    386,504,147   

RCP‐
004874 

42166  High_Clutter4                   42166  130  110  281..39
0 

  153,479,027   

RCP‐
004875 

42167  Alert_Bag1                      42167  130  280  1..280    386,504,143   

RCP‐
004876 

42168  Alert_Bag1                      42168  130  232  281..51
2 

  320,708,815   

RCP‐
004877 

42169  Alert_Bag2                      42169  130  280  1..280    386,504,143   

RCP‐
004878 

42170  Alert_Bag2                      42170  130  232  281..51
2 

  320,708,815   

RCP‐
004879 

42171  Alert_Bag3                      42171  130  280  1..280    386,504,143  Scan file is 
corrupted. 

RCP‐
004880 

42172  Alert_Bag3                      42172  130  232  281..51
2 

  320,708,815   

RCP‐ 42173  Alert_Bag4                      42173  130  280  1..280    386,504,143   
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004881 

RCP‐
004882 

42174  Alert_Bag4                      42174  130  232  281..51
2 

  320,708,815  Scan file is 
partially 
corrupted. 
Only the first 
20 slices can 
be accessed. 

RCP‐
004884 

42176  Copper_130                      42176  130  1  1..1  0.080
" 

4,073,967   

RCP‐
004885 

42177  Copper_130                      42177  130  1  1..1  0.070
" 

4,073,967   

RCP‐
004886 

42178  Copper_130                      42178  130  1  1..1  0.060
" 

4,073,967   

RCP‐
004887 

42179  Copper_130                      42179  130  1  1..1  0.050
" 

4,073,967   

RCP‐
004888 

42180  Copper_130                      42180  130  1  1..1  0.040
" 

4,073,967   

RCP‐
004889 

42181  Copper_130                      42181  130  1  1..1  0.030
" 

4,073,967   

RCP‐
004890 

42182  Copper_130                      42182  130  1  1..1  0.020
" 

4,073,967   

RCP‐
004891 

42183  Copper_130                      42183  130  1  1..1  0.010
" 

4,073,967   

RCP‐
004892 

42184  Copper_130                      42184  130  1  1..1  Air  4,073,967   

RCP‐
004893 

42185  Empty_Containers              42185  130  48  1..48    68,493,401   
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Task:	Sinogram	processing	
	

Patrick	La	Riviere	and	Phillip	Vargas	
	

The	University	of	Chicago	
	
	

I.	Objectives	
The	 goal	 of	 this	 task	 was	 to	 implement	 sinogram	 domain	 preprocessing	 coupled	
with	 standard	 analytic	 reconstructions	 such	 as	 filtered	 backprojection	 (FBP)	 in	
order	to	reduce	noise	and	artifacts	in	reconstructed	baggage	screening	images.		
	
	
II.	Background	
Computed	tomography	(CT)	measurement	data,	whether	in	the	medical	or	security	
fields,	are	degraded	by	a	number	of	physical	 factors	that	cause	the	data	to	deviate	
from	 the	 ideal	 model	 assumed	 by	 all	 analytic	 image	 reconstruction	 algorithms.	
These	 factors	 include	 off‐focal	 radiation,	 detector	 afterglow,	 detector	 crosstalk,	
scatter,	 beam	 hardening,	 and	 metal‐induced	 photon	 starvation,	 and	 they	 will	
generally	 produce	 artifacts	 and	 degradations	 in	 reconstructed	 images	 unless	
corrected	 or	 otherwise	 massaged	 (some	 compensation	 schemes	 for	 detector	
crosstalk	 simply	 add	 crosstalk	 across	 detector	 module	 boundaries,	 where	 the	
sudden	lack	of	crosstalk	would	yield	a	ring	artifact	in	the	image).	In	current	practice,	
many	 such	 effects	 are	 addressed	 by	 a	 sequence	 of	 independent	 sinogram‐
preprocessing	 steps,	 including	 recursive	 corrections	 for	 detector	 afterglow	 and	
deconvolution‐type	 corrections	 for	 off‐focal	 radiation,	 that	 have	 the	 potential	 to	
amplify	data	noise.		
The	noise	level	in	measured	CT	transmission	data	is	also	a	major	determinant	of	the	
ultimate	 visual	 quality	 and	 diagnostic	 utility	 of	 the	 reconstructed	 images.	 Noise	
arises	from	two	principal	sources	in	CT:	quantum	noise,	which	is	a	consequence	of	
photon‐counting	statistics,	and	electronic	noise,	which	arises	in	the	photodiode	and	
other	components	of	the	detector	electronics.	
We have previously developed methods in the medical context in which we 
formulate CT sinogram preprocessing as a statistical restoration problem in which 
the goal is to obtain the best possible estimate of the line integrals needed for 
reconstruction from the set of noisy, degraded detector measurements [1].  We 
developed a general imaging model relating the degraded measurements to the 
ideal sinogram of line integrals and propose to estimate the ideal line integrals by 
iteratively maximizing an appropriate penalized statistical likelihood function. The 
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maximization algorithm is based on the separable parabaloidal surrogates strategy 
developed by Fessler [2]. The essential idea is to approximate a difficult 
optimization problems by a series of simpler ones (“surrogates”), especially 
quadratic ones (hence “paraboloidal”) and ones in which each pixel can be acted 
on independently at each iteration (hence “separable”). Image reconstruction can 
then proceed by use of existing, non-iterative approaches or even iterative 
approaches since many iterative algorithms being considered for CT do not try to 
model the effects that are corrected by sinogram restoration. We have 
demonstrated that the approach can successfully correct for sinogram 
degradations, effectively eliminating the image artifacts caused by beam hardening 
and off-focal radiation. We also demonstrate that the proposed approach can 
achieve lower noise levels at a given resolution than can many existing 
approaches. 

Here we couple this approach with a metal artifact reduction (MAR) algorithm. 
The goal is to see whether this combination of very computationally efficient 
algorithms can achieve some of the benefits of fully iterative image reconstruction 
algorithms at a fraction of their computational cost.  

	
III.	Methods	
	
A. Metal	artifact	reduction	
For	metal	 artifact	 reduction,	we	 implemented	 the	most	 promising	 algorithm	 from	
the	 literature	 on	medical	 CT	medical	 artifact	 reduction.	 Called	 frequency‐splitting	
metal	artifact	reduction	(FSMAR)	[3],	 the	approach	seeks	to	address	two	principal	
problems	with	many	previous	metal	artifact	reduction	algorithms:	their	potential	to	
introduce	 additional,	 secondary	 artifacts	 when	 estimating	 metal‐corrupted	
projection	 data,	 and	 their	 tendency	 to	 obscure	 important	 details	 near	 the	 metal	
inclusion.	A	flow	chart	of	the	algorithm	is	shown	in	Fig	1.			
	
The	 algorithm	 starts	 with	 a	 raw‐data	 inpainting	method	 called	 normalized	metal	
artifact	reduction	(NMAR)	previously	developed	by	the	same	group	[4]	and	depicted	
in	 Fig	 2.	 This	 approach	 improves	 on	 previous	 inpainting	 approaches	 through	 a	
careful	 normalization	 and	 denormalization	 of	 the	 data	 before	 and	 after	 the	
interpolation	 of	 the	 data	 in	 the	 metal	 shadow.	 This	 mitigates	 inconsistencies	
between	 the	 inpainted	 and	 existing	 data,	 reducing	 the	 chance	 of	 introducing	
secondary	 artifacts,	 streaks	 that	 can	 arise	 when	 the	 inpainted	 data	 is	 not	 a	
consistent	 projection	 of	 any	 plausible	 object.	 	 	 The	 normalization	 is	 based	 on	
forward	projection	of	a	 	metal‐free	prior	 image	 that	 is	obtained	by	multithreshold	
segmentation	of	the	initial	uncorrected	image.	The	metal	shadow	itself	is	identified	
through	 the	 forward	 projection	 of	 the	metal	 component	 of	 the	 segmentation.	 The	
measured	 sinogram	 is	 divided	 by	 the	 normalization	 sinogram,	 interpolation	 is	
performed	across	the	metal	gaps,	and	then	the	interpolated	sinogram	is	multiplied	
by	the	normalization	sinogram	to	return	to	the	correct	scaling.		
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The	 FSMAR	 step	 of	 the	 algorithm	 attempts	 to	 restore	 some	 high	 frequency	
information	 near	 the	metal	 structures	 that	may	 have	 been	 lost	 during	 the	 NMAR	
process.	Both	 the	original	 and	MAR	corrected	 images	are	 then	 low‐	and	high‐pass	
filtered.	The	high‐pass	 filtered	 original	 image	 is	 then	 added	back	 to	 the	 corrected	
image	with	a	spatially	varying	weight	that	is	maximum	at	the	center	of	metal	objects	
and	 falls	 off	 rapidly	 as	 you	 move	 away	 from	 the	 metal.	 This	 seeks	 to	 balance	
resolution	recovery	with	noise	and	streak	control.	
	
	
	

	
Figure	1:	Flow	chart	for	FSMAR	algorithm.	From	[3].	

	

	
Figure	2:	Flowchart	of	NMAR.	From	[4].	
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B. Sinogram	restoration	
	
We	 employ	 a	 model	 for	 raw	 CT	 data	 that	 incorporates	 the	 statistical	 and	
deterministic	effects	discussed	above.	The	model	applies	equally	well	to	single‐slice,	
multi‐slice,	and	cone‐beam	scanners	and	to	both	conventional	and	helical	modes	of	
operation.	We	 assume	 that	 the	 CT	 scan	 produces	 a	 set	 of	measurements	 that	 are	
organized	into	a	one‐dimensional	(1D)	vector	ymeas,	with	elements	yimeas,	i	=	1,	.	.	
.,	 NY	 ,	 where	 NY	 is	 the	 total	 number	 of	 measurements	 in	 the	 scan,	 given	 by	 the	
product	 of	 the	 number	 of	 detector	 elements	 and	 the	 number	 of	 projection	 views	
acquired.	

We	 assume	 that	 each	 yimeas	 is	 a	 realization	 of	 a	 random	 variable	 Ymeas	 whose	
statistics	are	compound	Poisson,	as	described	by	the	following	model:	

	
In	the	first	term,	which	represents	the	effects	of	photon‐counting	statistics,	Ij	is	the	
incident	 X‐ray	 intensity	 along	 the	 jth	 measurement	 line.	 These	 Ij	 are,	 of	 course,	
polychromatic,	and	so	we	further	assume	they	are	grouped	into	discrete	energy	bins	
Em,	m	=	1,...,M,	with	probabilities	λm(j)	satisfying	

	

The	superscript	 j	on	λm(j)	reflects	the	fact	that	the	energy	distributions	of	photons	
emerging	 from	 an	 X‐ray	 tube	 can	 be	 spatially	 varying	 due	 to	 the	 use	 of	 bow‐tie	
filters	 as	 well	 as	 to	 the	 heel	 effect.	 The	 function	 μ(x,E)	 is	 the	 energy‐dependent	
attenuation	map,	which	we	would	ideally	like	to	reconstruct	,	although	from	single‐
energy	data	we	 typically	 seek	 to	 reconstruct	μ(x,Er),	 the	 attenuation	map	at	 some	
reference	energy.	The	 term	sm(i)	 is	 the	number	of	 scattered	photons	of	energy	Em	
contributing	 to	 measurement	 Yi.�	 In	 this	 model,	 the	 ith	 measurement	 is	 seen	 to	
receive	 contributions	 not	 just	 from	 the	 ith	 attenuation	 line	 but	 from	 other	
attenuation	lines	j	not	equal	to	i	with	weight	bij.	This	could	model,	for	example,	the	
effects	of	off‐focal	radiation,	which	results	in	contributions	from	other	points	in	the	
sinogram	 lying	 on	 a	 locus	 that	 can	 be	 determined	 by	 the	 geometry	 of	 the	 X‐ray	
tube’s	off‐focal	halo,	the	X‐ray	collimation,	and	the	detector	geometry.	The	weights	
bij	could	also	model	the	source	and	detector	response	functions	as	well	as	crosstalk	
and	 detector	 lag,	 although	 if	 these	 effects	 are	 significant	 they	 introduce	 noise	
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correlations	that	should	be	accounted	for	by	a	different	model.	
Each	detected	photon	contributes	to	the	measured	detector	signal	in	proportion	to	
its	energy	Em,	which	accounts	for	the	factor	of	Em	in	this	expression;	the	constant	of	
proportionality	 (the	 gain)	 is	 denoted	 Gi.	 The	 detected	 signal	 is	 read	 out	 through	
detector	electronics	having	dark	current	di	and	electronic	readout	noise	assumed	to	
be	normally	distributed	with	variance	σi

2.		

We	assume	that	I	,	G	,	d	,	σ2,	the	average	energy	of	the	incident	beam,	and	an	energy‐
averaged	 and	 normalized	 estimated	 scatter	 term	 are	 all	 known	 or	 measurable.
While	it	would	naturally	be	useful	to	be	able	to	reconstruct	μ(x,E)	for	all	energies	E,	
this	 is	 generally	 not	 possible	 without	 the	 use	 of	 fully	 iterative	 reconstruction	
methods	and	fairly	strong	assumptions	about	the	material	composition	of	the	object	
being	imaged,	such	as	assuming	that	the	density	of	a	given	material	fully	determines	
its	spectral	properties	(very	dense	objects	are	assumed	to	be	bone‐like,	unit	density	
assumed	 to	 water	 like).	 Such	 assumptions	 are	 somewhat	 unrealistic	 for	 medical	
imaging	 and	highly	 inappropriate	 in	 the	 security	 context.	 In	 single‐energy	CT,	 the	
goal	is	generally	the	more	modest	one	of	reconstructing	the	attenuation	map	μ(x,Er)	
at	 some	 reference	 energy	 Er.	 To	 achieve	 this,	 one	 needs	 first	 to	 estimate	 a	 set	 of	
“monochromatic”	 attenuation	 line	 at	 the	 reference	 energy,	 from	 the	 set	 of	
measurements	ymeas,	i	=	1,...,NY	.	These	estimated	line	integrals	can	then	be	input	to	
a	standard	analytic	reconstruction	algorithm.	
In	 the	 present	 work,	 we	 focused	 solely	 on	 the	 effects	 of	 Poisson	 noise,	 often	 the	
source	of	distracting	streaks	in	images	and	did	not	attempt	to	model	the	other	non‐
idealities	 of	 the	 Imatron	 scanner,	 but	 many	 of	 these	 effects	 could	 readily	 be	
accommodated	with	this	framework.	Estimating	electronic	noise,	for	example,	could	
be	 done	 by	 acquiring	 a	 series	 of	 dark	 current	 readings	 from	 the	 detector	 and	
calculating	the	sample	variance.		
The	 details	 of	 the	 sinogram	 restoration	 algorithm	 are	 given	 in	 Ref	 1.	 The	
development	of	the	algorithm	requires	a	few	key	steps:	

1. Model	simplifications:	We	make	several	model	simplifications.	Because	the	
compound	Poisson	distribution	does	not	yield	a	tractable	likelihood	function,	
we	begin	by	making	 a	 sequence	of	 approximations,	 including	 replacing	 the	
compound	 Poisson	 model	 with	 a	 scaled	 simple	 Poisson	 model,	 and	 then	
defining	adjusted	measurements	such	that	the	sum	of	a	scaled	Poisson	plus	
Gaussian	can	be	approximated	by	a		shifted	Poisson	distribution.	

2. Likelihood	 function:	 We	 then	 define	 a	 likelihood	 function	 based	 on	 this	
approximate	statistical	model.	

3. Penalty:	We	penalize	the	 likelihood	function	with	a	roughness	penalty	 that	
discourages	excessive	variability	among	neighboring	line	integral	estimates.	
In	this	work	we	used	a	quadratic	potential	penalty	applied	to	the	two	nearest	
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channel	neighbors.		
4. Smoothing	parameter:	The	roughness	penalty	 is	weighted	by	a	smoothing	

parameter	beta	that	determines	the	relative	influence	of	the	likelihood	term,	
which	enforces	agreement	between	the	estimate	and	the	measured	data,	and	
the	smoothness	term,	which	penalizes	overly	rough	estimates.	

5. Maximization	algorithm:	We	believe	that	for	sinogram	preprocessing	to	be	
practical	in	CT,	the	algorithm	would	need	to	be	fast,	stable,	and	parallelizable.	
One	strategy	that	we	have	found	to	meet	these	requirements	is	the	separable	
paraboloidal	surrogate	algorithm	of	Erdogan	and	Fessler	[2].

6. Final	 image	 reconstruction:	 The	 final	 image	 reconstruction	 is	 then	
performed	using	FBP.	

	
IV.	Results	
	
IV.A.	Visual	results	showing	improved	uniformity	and	reduced	streaks	
Fig.	3	shows	improvement	in	uniformity	and	circularity	of	the	beads	in	the	left	hand	
panel	and	of	the	water	in	the	center	of	the	right	hand	panel.	There	is	perhaps	some	
evidence	of	overcompensation	in	the	water	cylinder.		
	

	
Figure	3:	Demonstration	of	improved	uniformity.	

	
Fig.	4	shows	a	reduction	in	streak	artifacts	without	loss	of	resolution	for	fine	lines	
and	small	objects.		
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Figure	4:	Demonstration	of	resolution	retention.	

Fig.	5	shows	mitigation	of	object	splitting,	with	a	strong	dark	streak	splitting	the	
water	bottle	being	greatly	reduced	in	magnitude.	Some	mild	new	hyperintense	
streaks	are	observed,	however.		

	

	
Figure	5:	Demonstration	of	reduced	object	splitting.	
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VI.B.	Result	showing	improved	segmentation	performance	
	
Figure	6	shows	a	situation	where	the	sinogram	processing	algorithm	has	mitigated	a	
streak	artifact	yielding	improved	CCL	segmentation	relative	to	that	achieved	from	
the	xrec	image.	The	segmentation	is	still	not	perfect,	with	a	portion	of	the	arc	still	
missing,	but	it	demonstrates	that	improved	image	quality	can	lead	to	improved	
segmentation	performance.		
	
	

	
Figure	6:	Illustration	of	segmentation	improvement.	

	
Quantitative	metrics	showing	improved	CCL	performance	
	
The	cloud	plots	from	Stratovan	produced	for	our	approach	showed	mixed	success.	
The	strongest	results	were	found	in	the	mean	vs.	CCL	segmentation	plots,	where	
there	was	often	clear	movement	toward	the	ideal	CCL	recovery	value	of	0.		
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Figure	7:	Mean	vs	CCL	cloud	plots.	

Weaker	 results	 were	 seen	 in	 the	 mean	 versus	 standard	 deviation	 plots,	 which	
showed	 a	 substantial	 spreading	 and	 skewing	 of	 the	 water	 cloud.	 This	 can	 be	
attributed	in	large	part	to	the	two	outliers	circled	in	red,	 in	which	the	mean	water	
value	was	nearly	1600	HU.		
	

	
Figure	8:	Mean	vs	standard	deviation	cloud	plots.	
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In	Fig	9,	we	show	an	image	that	produced	one	of	the	two	outlier	dots	in	the	water	
cloud.	 It	 can	 be	 seen	 to	 suffer	 from	 substantial	 “blooming”	 artifacts	 and	
hyperintense	streaks.	This	could	be	caused	by	failure	of	the	MAR	algorithm,	leading	
to	introduction	of	secondary	artifacts.		This	issue	needs	to	investigated	further.		

	
Figure	9:	Reconstructed	image	producing	one	of	the	outlier	dots	in	water	cloud.	The	application	of	MAR	
has	apparently	introduced	secondary	artifacts	leading	to	bright	shading	in	the	water	cylinders.	This	

gives	rise	to	an	artificially	high	HU	value	for	the	water.		

	
Figure	10:	(Left)	Our	result.	(right)	Xrec	result.	It	can	be	seen	that	while	our	result	mitigates	the	main	
dark	streak	artifact	diving	the	xrec	segmentation,	the	hyperintense	swath	in	the	lower	left	of	the	
cylinder	causes	its	omission	from	the	segmentation.	
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V.	Conclusions	and	recommendations	
The	sinogram	processing	demonstrated	mixed	success.	There	was	a	clear	reduction	
in	certain	kinds	of	streak	artifacts,	leading	to	improved	segmentation	accuracy	in	a	
wide	range	of	cases.	However,	secondary	artifacts	were	occasionally	observed	that	
produced	significant	bias	in	HU	values.	This	lead	to	a	spreading	of	the	mean	clouds	
and	a	reduced	level	of	segmentation	precision.		
	
One	 of	 the	 great	 strengths	 of	 the	 sinogram	 processing	 approach	 is	 the	 very	 low	
computational	 cost.	 The	 MAR	 algorithm	 involves	 a	 single	 segmentation	 and	
reprojection	 step	 and	 the	 sinogram	 restoration	 algorithm	 a	 small	 number	 of	
sinogram‐domain	 iterations	 with	 the	 overall	 computational	 burden	 being	 on	 the	
order	 of	 the	 analytic	 reconstruction	 or	 a	 single	 iteration	 of	 an	 iterative	
reconstruction	algorithm.	 It	 is	 possible	 that	 further	parameter	optimization	 in	 the	
sinogram	processing	could	 limit	 the	outlier	cases	observed	and	yield	performance	
comparable	to	the	fully	iterative	approaches	at	a	very	low	computational	cost.			
Alternatively,	 the	 sinogram	 processed	 data	 could	 be	 input	 to	 one	 of	 the	 fully	
iterative	 approaches,	 which	 might	 speed	 convergence	 while	 benefiting	 from	 the	
ability	of	fully	iterative	approaches	to	enforce	edge	preserving	more	naturally	than	
can	be	done	in	the	sinogram	domain.		
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Task:	Characterizing	the	Imatron	C‐300	Medical	CT	scanner		
and	effort	to	develop	matched	FBP	

	
Patrick	La	Riviere	and	Phillip	Vargas	

	
The	University	of	Chicago	

	
	

I.	Objectives	
	
The	goals	of	this	task	were	twofold:	first,	to	characterize	the	Imatron	C300	CT	
scanner	being	used	as	part	of	the	task	order	3	image	reconstruction	project	and	
second,	to	develop	open	source	offline	code	matching	as	closely	as	possible	the	
output	of	Imatron’s	onboard	gridding‐based	algorithm.	More	broadly,	we	sought	to	
to	demonstrate	the	feasibility	and	benefit		of	having	a	set	of	open/medical	data	
together	with	a	validated	system	model	in	the	"public	domain"	that	can	be	used	for	
experimentation	and	collaboration.	
	
	
II.	Background	
	
No	longer	manufactured,	the	Imatron	C300	is	a	so‐called	fifth	generation	CT	scanner	
based	on	the	use	of	a	partial	arc	of	fixed	detectors	and	an	extended	tungsten	source	
ring	that	could	be	swept	with	an	electron	beam.	With	no	moving	parts,	the	scanner	
can	acquire	data	for	slice	reconstruction	in	~50	ms,	making	it	ideally	suited	for	
cardiac	imaging.	This	geometry	differs	significantly	in	its	details	from	those	used	in	
current	clinical	and	security	scanners,	which	are	traditionally	based	on	third‐
generation	geometries	in	which	both	the	source	and	a	small	array	of	detectors	
rotate,	but	still	yields	data	that	can	reformatted	into	a	traditional	third‐generation	
structure,	albeit	with	a		significantly	different	scatter	profile.	The	scanner	is	shown	
in	Figure	1	and	a	schematic	of	the	geometry	in	Figure	2.		
	
With	much	help	from	former	Imatron	executives	and	engineers	Doug	Boyd,	Tip	
Partridge,	and	Jon	Harmon,	we	characterized	and	explained	the	imaging	geometry	to	
the	other	T03	researchers.		
	
III.	Geometry	characterization	
	
III.A.	3D	Geometry	
	
Key	features	of	3D	geometry	
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• The	detector	ring	and	source	ring	are	not	in	the	plane,	leading	to	slight	
obliqueness	of	the	acquired	data.		

• The	obliqueness	for	the	1.5	mm	slice	data	we	have	(also	referred	to	as	cone	
angle)	is	0.3	degrees.			

This	“cone	angle”	is	defined	as	the	angle	of	the	conical	surface	swept	out	by	the	
central	ray	in	the	fan.			

In	1.5	mm	mode,	it	is	determined	by	the	collimator	geometry	not	by	the	offset	of	
source	and	detector.	

• Such	obliqueness	is	not	modeled	in	current	Imatron	reconstruction	software.	
	

	
Figure	1:	C300	scanner	

	

	
Figure	2:	C300	Schematic	
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III.B.	In	plane	geometry	overview	
	
Figure	3	depicts	the	in‐plane	geometry,	with	the	detector	ring	depicted	
schematically	in	blue	and	the	source	ring	in	red.		
	

	
Figure	3:	In	plane	geometry	

	
Key	features	of	the	in‐plane	geometry	are:	
	

• Source	ring	radius	=	900.0	mm	
• Detector	ring	radius	=	675.0	mm	
• Reconstruction	field	of	view	=	475.0	mm	X	475.0	mm	(but	truly	a	475.0	mm	

circle)	
• Angular	range	of	source	ring	=	210	degrees	
• Angular	range	of	detector	ring	=	216	degrees	
• Number	of	source	positions	=	2588	
• Number	of	detector	channels	=	864	

	
	
Detector	geometry:	The	detectors	are	arrayed	aproximately	equiangular	with	0.25	
degree	separation	(864*0.25	=	216).	In	reality,	the	detectors	are	NOT	arrayed	
equiangularly	on	a	circular	ring	but	are	on	flat	boards	of	8	channels	that	are	arrayed	
tangent	to	a	cirle.	This	is	accounted	for	in	later	processing	to	generate	the	
“Interpolated”	sinogram	as	discussed	later.	Researchers	working	with	the	
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“Linearized”	sinogram	in	the	native	geometry	discussed	later	were	advised	that	they	
may	need	to	model	that	geometry	more	precisely.	The	detailed	detector	channel	
coordinates	are	included	in	the	header	files.	

	
Source	geometry:	The	source	sweeps	along	the	source	ring,	pulsing	2588	times	and	
both	source	and	detector	are	collimated.	Because	of	this,	for	any	source	position,	
only	one	third	of	detector	channels	are	illuminated	(288),	spanning	~72	degrees.	
This	is	how	data	are	natively	acquired,	as	a	source	fan	view.	
	
The	data	are	not	stored	in	the	native	acquisition	geometry,	but	rather	in	a	detector	
fan	view.	Any	detector	channel	sees	one	third	of	source	positions	(2599/3=864)	
spanning	approximately	40	degrees	(actual	value	41.26696016).	The	data	are	thus	
stored	and	presented	in	detector	fan	sinograms	of	dimensions	864	X	864.	
	

	
Figure	4:	Sinogram	

	
	

Sinograms,	depicted	in	Figure	4,	have	the	usual	presentation	of	view	angles	on	the	
vertical	and	bins	on	the	horizontal.	But	the	physical	meaning	of	these	is	the	reverse	
of	third‐generation	CT.	The	effective	3G	fanbeam	sources	(on	the	vertical)	are	the	
physical	detector	channels	and	the	effective	3G	fanbeam	detector	channels	are	the	
physical	source	positions.	Note	that	raw	detector	fan	views	are	not	equiangular	in	
the	fanbeam	channel	direction	with	respect	to	the	effective	3G	fanbeam	sources.	The	
fanbeam	channels,	which	correspond	to	physical	source	positions,	are	natively	
equiangular	with	respect	to	the	isocenter.	One	preprocessing	step	does	equiangular	
rebinning	but	those	working	with	native	geometry	were	advised	to	be	aware	of	this.		
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IV.	Data	processing	chain	
	
The	Imatron	scanner	data	processing	and	reconstruction	is	performed	by	a	
proprietary	software	package	known	as	xrec,	and	a	compiled	version	for	the	
Windows	platform	was	made	available	to	project	participants.	While	the	graphical	
version	was	unstable	on	current	Windows	platforms,	it	could	be	run	in	
commandline	mode	and	using	batch	scripts.	The	xrec	software	provided	processes	
the	sinogram	through	many	stages	of	correction	and	rebinning.		A	flow	chart	is	
provided	in	Fig	5.		Basically,	after	first	making	some	calculations	needed	for	scatter	
correction,	xrec	reorganizes	raw	data‐acquisition	system	(DAS)	output	into	the	
sinogram	format	described	previously.	It	then	applies	a	DAS	offset	correction	and	a	
scatter	correction.	The	data	is	logged	and	normalized	by	the	logged	air	scan.	A	
correction	is	applied	for	a	“gap”	in	the	source	ring	that	causes	predictable	x‐ray	
fluctuations	(these	are	relatively	minor	for	the	acquisition	mode	used	for	ALERT	
T03).	Then	a	polynomial,	water‐based	beam	hardening	(linearization)	correction	is	
applied.		This	yields	the	so‐called	linearized	sinogram.	This	is	the	least‐processed	
sinogram	anyone	is	likely	to	be	able	to	work	with	and	will	be	discussed	further	
below.	Note	that	the	sinogram	has	been	expanded	to	888	rows	but	the	24	extra	
views	are	zero	at	this	point.	They	will	be	filled	during	interpolation	and	corner	
filling.	
	
After	linearization,	the	data	is	interpolated	so	that	it	corresponds	to	equiangular	
third‐generation	fan‐beam	data.	This	is	the	so‐called	interpolated	sinogram.	
A	bad	detector	correction	is	applied.	The	sinogram	is	still	missing	some	data	in	top	
left	and	bottom	right	corners.	These	are	filled	through	a	combination	of	
interpolation/extrapolation	and	the	sinogram	expanded	to	888	views	spanning	222	
degrees,	which	represents	PI	+	fan	angle	for	a	~42	degree	fan	angle.		This	yields	a	
corner	filled	sinogram.	This	was	recommended	as	a	good	sinogram	to	work	with	
since	it	has	all	the	Imatron‐specific	corrections	applied.	The	data	are	then	smoothed	
to	eliminate	photon	starvation	artifacts,	multiplied	by	Parker	weights	and	rebinned	
to	parallel	coordinates,	yielding	the	rebinned	sinogram.	This	is	a	parallel‐beam	
sinogram	of	720	views	by	1024	channels.		
	
We	then	provided	the	following	summaries	for	what	we	considered	to	be	the	three	
key	sinograms:	
	
Linearized:	

• Sinogram	dimensions=864X888	but	12	first	and	12	last	views	are	zero.	(They	
will	be	filled	during	interpolation	and	corner	filling.)	

• Fanbeam	origins	correspond	to	physical	detector	channels.	Approximately	
equiangular	(0.25	degrees)	on	blue	arc.	Real	positions	are	apparently	
encoded	in	header	file.	

• Fanbeam	channels	correspond	to	physical	source	positions	and	are	
equiangular	(with	respect	to	isocenter)	along	red	arc	with	spacing	210/2588	
degrees	(for	the	central	864	non‐zero	views)	
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• Note	that	there	is	also	out‐of‐plane	obliqueness	as	defined	in	a	previous	slide.	
• We	probably	need	to	work	collectively	to	really	nail	down	x,y,z	positions	for	

all	source‐detector	positions	if	this	sinogram	is	of	interest.	
	
Corner	filled:	

• Focal	length=	675.0	mm	or	674.5	mm	(the	latter	accounts	for	true	event	
center	in	detector	being	0.5	mm	in	front	of	photodiode)	

• Number	of	true	projection	views=	864	
• Number	of	effective	projection	views	=	888	(augmented	during	corner	filling)		
• Angular	range	of	888	views	is	222,	which	is	Pi	+	fan	angle	
• Angular	increment	0.25	degrees	
• Fan	angle	=	41.26696016°	
• Angle	between	fan	channels=	0.0478180°	
• Number	of	fan	channels=	864		
• Field	of	view	at	the	isocenter	=	475.0	mm	
• Note	that	there	is	also	out‐of‐plane	obliqueness	as	defined	in	a	previous	slide.	

	
Interpolated	

• The	geometry	of	the	interpolated	sinogram	will	be	the	same	as	that	of	the	
corner	filled	sinogram.	They	differ	only	in	the	fact	that	the	interpolated	
sinogram	is	missing	data	in	the	top	left	and	bottom	right	corners.	So	it	is	not	
ideal	for	analytic	recon	but	may	be	fine	for	iterative.	

	
Parallel	rebinned	

• Sinogram	dimensions	=	1024X	720	
• Number	of	projection	views=	720	
• Angular	range	=	180	degrees	
• Number	of	parallel	rays	=	1024	
• Spacing	of	parallel	rays	=	475/1024	mm	=	0.463867	mm	
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Figure	5:	Processing	chain.	

V.	Effort	to	provide	offline	reconstruction	matched	to	xrec	
	
The	second	key	task	was	to	provide	offline	reconstruction	code	in	C	and/or	Matlab	
that	could	match	as	closely	as	possible	the	performance	of	the	xrec	reconstruction	
code.	Xrec	reconstruction	begins	with	the	rebinning	to	a	parallel	sinogram	by	(1)	
applying	one‐dimensional	cubic	interpolation	in	columns,	(2)	applying	short‐scan	
Parker	weights	(“Optimal	Short‐Scan	Convolution	Reconstruction	for	Fan	Beam	CT”	
Dennis	Parker,	Med	Phys)	(3)	one‐Dimension	cubic	interpolation	in	rows.	The	
parallel	sinogram	is	then	reconstructed	by	use	of	the	gridding	algorithm.	
	
We	proceeded	in	three	phases,	in	order	to	confirm	our	understanding	of	the	
geometry	while	building	from	simpler	to	more	complex	implementations.	We	first	
implementing	a	standard	filtered	backprojection	reconstruction	from	the	rebinned		
parallel	data.	We	then	implemented	a	fanbeam	filtered	backprojection	from	the	
corner	filled	fanbeam	data.	Finally	we	performed	an	implementation	of	the	gridding	
reconstruction	algorithm	from	the	rebinned	data.		The	result	of	this	last	stage	is	
shown	in	Figure	6.	Visually	the	two	images	are	indistinguishable.	A	difference	image	
reveals	slight	differences,	with	average	difference	to	~1	HU	and	a	few	spikes	of	
higher	difference	which	we	attribute	to	slight	differences	in	interpolation	kernels.	
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Figure	6:	Gridding	reconstruction	comparison	with	xrec.	

	
VI.	Deliverables	on	ftp	site	

• Complete	set	of	xrec	processed	sonograms	at	several	key	stages	of	
processing.	

• Powerpoint	presentation	giving	overview	of	Imatron	imaging	geometry.	
• Matlab	code	for	gridding	reconstruction	

	
VII.	Summary		
Overall,	we	provided	a	careful	and	accessible	characterization	of	the	imaging	
geometry	and	data	processing	pipelined	that	enabled	all	the	other	research	teams	to	
generate	high‐quality	reconstructed	images	from	the	C300	data.	We	also	provided	
an	offline	version	of	the	xrec	gridding	reconstruction	algorithm	that	matched	the	
onboard	to	within	about	1HU	average	difference.		
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Abstract
Our focus in this task order is improvement of image quality and material discrimination in dual-
energy CT for luggage screening. We propose a structure-preserving dual-energy (SPDE) framework
which can mitigate metal artifacts and provide precise object localization. This can lead to an
increase in material identification accuracy.

The SPDE framework encompasses two objectives. The first objective is the formation of
enhanced photoelectric and Compton pixel property images from dual-energy data. We achieve this
by incorporating data weighting to reduce streaks and metal artifacts. In addition, we estimate a
joint boundary field and apply it to both the photoelectric and Compton images in order to improve
object localization as well as smoothing inside the objects. The second objective is direct formation
of an accurate object-labeled image from dual-energy images. We learn appearance models for
different materials from a set of training data. We estimate a boundary field and use it to control
image smoothing. We also apply a novel data weighting scheme, which takes into account that
pixels near metal are less reliable.

We evaluate the performance of the SPDE framework using dual-energy data from the Imatron
C300 scanner. We show a significant reduction in noise and metal artifacts. We also show that
accurate material labeling can be achieved even in the presence of metal and severe streaks.
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1 Introduction
CT systems provide an estimate of the X-ray attenuation inside a scanned object. The attenuation
depends on the chemical composition of the object and also on the energy of the X-ray photons. In
Dual-Energy CT (DECT), two energy-selective measurements of the attenuation are taken. Since
additional energy-dependent information can lead to superior material discrimination, DECT may
potentially provide improved detection capability over conventional single-energy CT.

Our focus in this task order is on improving image quality and material discrimination in dual-
energy CT. We aim at reducing artifacts, as well as increasing the accuracy of material-specific
parameter images, using a model-based approach.

One objective is the formation of photoelectric and Compton coefficient images with reduced
noise and artifacts. Using such improved images may reduce the spread of the photoelectric and
Compton features and provide more accurate material identification. We propose a pixel-based
structure-preserving dual-energy inversion method, called SPDE-Pixel. This is a model-based
method which starts from the measured dual-energy sinograms and estimates the photoelectric
and Compton sinograms and images iteratively using coordinate descent. In this method we re-
duce streaks by down-weighting unreliable rays. We also estimate a joint boundary-field and apply
it to the photoelectric and Compton images in order to maintain object boundaries while smoothing
inside the objects.

A second objective we consider is direct object identification and localization from dual-energy
images. For this purpose we propose a learning-based method called SPDE-Object. We use training
data to learn appearance models for different materials (water, doped water, rubber and metal). We
map pixel values to material labels using the learned models. As in SPDE-Pixel, we down-weight
unreliable data (points in the vicinity of metal objects) and incorporate an object boundary-field
to control the smoothing.

We test our methods on real dual-energy data acquired by the Imatron C300 medical scanner
for this project. The scanner was not originally designed for operation in dual-energy mode. Dual-
energy data was measured by repeating the same scan with two different source spectra. An
estimate of the spectra given by Dr. Taly Gilat Schmidt from Marquette University, is shown in
Figure 1.
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Figure 1: Estimates of the Imatron system spectra used when acquiring dual-energy measurements
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In section 2 we describe SPDE-Pixel. We evaluate the results visually and quantitatively. We
show that both noise and metal artifacts in photoelectric and Compton images are greatly reduced
compared to a previously published method. The estimated photoelectric and Compton coefficients
for different object types have lower standard deviation and the means are more separated, which
potentially makes them better features for material identification.

In section 3 we describe SPDE-Object and show its results. We demonstrate that accurate
object identification can be achieved directly from dual-energy images even in the presence of
severe streaks and metal objects.
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2 Structure-preserving reconstruction of photoelectric and Comp-
ton coefficients (SPDE-Pixel)

We formulate photoelectric and Compton coefficient images using a model-based iterative image
formation method, denoted SPDE-Pixel. We apply data weights to ameliorate streaks from metal
objects. In addition, we estimate a joint boundary-field and incorporate it in the reconstruction.
The boundary-field has information about the edges in the scene and is used to achieve edge-
preserving regularization.

2.1 SPDE-Pixel Method Description

The problem is formulated as follows:

minimize
(yp,yc,xp,xc,s)

{
||z1 − f1(yp, yc)||22 + ||z2 − f2(yp, yc)||22 + ||yp − Txp||2Wz

+ ||yc − Txc||2Wz

+λ1||Dxp||2Ws
+ λ2||Dxc||2Ws

+ λ3||xp||22 + λ4||xc||22 + λ5||Ds||22 + λ6||s||22
}

(1)

subject to yp, yc, xp, xc ≥ 0

where
zi is the measured sinogram with the ith source spectrum,

yp and yc are the photoelectric and Compton sinograms, respectively,

xp and xc are the photoelectric and Compton coefficient images, respectively,

s is the mutual boundary field,

fi(yp, yc) is a nonlinear equation relating the ith measured sinogram
and the photoelectric and Compton sinograms,

T is the system forward projection operator,
D is a derivative operator,
Wz is a diagonal weighting matrix based on z1 and z2 ,

Ws is a diagonal weighting matrix based on s and,
λi, i = 1, ..., 6, are non-negative regularization parameters

Problem (1) is solved iteratively via coordinate-descent [1]. In our implementation for the project
we used the rebinned parallel geometry. The Imatron system matrix (T ) was provided by Penchong
Jin from Purdue University.

Figure 2 shows an example of the data weighting applied. Low weights are given to unreliable
rays (rays going through metal objects) in order to reduce streaks and stabilize the solution. Figure 3
illustrates how the joint boundary field and photoelectric and Compton images are estimated in an
iterative fashion.
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Figure 2: Example of the data weights applied in SPDE-Pixel. On the top are the 130KV rebinned
parallel sinogram (left) and corresponding data weights (right). Rays which go through metal have
high values in the sinogram and are mapped to low weights. The weighting function is shown on
the bottom.
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Figure 3: SPDE-Pixel iterates between estimating the photoelectric and Compton images and
estimating the joint boundary field. This enables smoothing inside objects while retaining boundary
information
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2.2 Choice of baseline method

A dual-energy baseline method was needed in order to evaluate the performance of SPDE-Pixel.
One published method is given by Ying et. al in [3], which we will denote here as YNC. The paper
describes several steps to compute the photoelectric and Compton coefficient images. We imple-
mented the following steps from the paper: (i) solution of the constrained optimization problem
and (ii) destreaking. We did not implement the scatter correction step, since the Imatron data was
already scatter corrected and in YNC the parameters used for scatter correction were not specified.
For the image inversion part we used the Imatron FBP code provided by Dr. Patrick La Riviere
from University of Chicago.

The algorithm results in many zeros in the photoelectric and Compton sinograms (approxi-
mately 25% of the photoelectric sinogram and 3% of the Compton sinogram is zero). The subse-
quent FBP reconstruction called for in YNC then results in very noisy streak filled images. This
is probably related to the fact that in this project the dual-energy data was acquired using spectra
which were low and not well separated, compared to the system used in YNC.

In order to improve the results, we added a step of sinogram inpainting. The zero values in both
the photoelectric and Compton sinograms were replaced by interpolated values from neighboring
pixels.

The results with YNC and the modified version are shown in Figure 4 for an example slice. It
can be seen that the modification significantly reduced the noise in the Compton image. Visually
the change in the photoelectric image is not very noticeable. Both the YNC and modified-YNC
photoelectric images look noisy and have severe streaks.

Even though the results with the modified version of YNC are less noisy, we decided to use the
original version as the baseline method. This is because we would like to compare to the method
as it has been published in the literature.

406

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXX



Structure Preserving Dual-Energy CT, Limor Martin and W. Clem Karl 9

(a) YNC: Photoelectric (b) Modified YNC: Photoelectric

(c) YNC: Compton (d) Modified YNC: Compton

Figure 4: Photoelectric and Compton coefficient images produced by the YNC method (left) and
the modified version with sinogram inpainting (right) for Medium Clutter 1 slice 123. Photoelectric
image is in units of keV3 and gray scale level 5500, width 9000. Compton image is in units of cm−1

and gray scale level 0.15, width 0.3.
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2.3 Results with SPDE-Pixel

2.3.1 Quantitative evaluation

The photoelectric and Compton images reconstructed with SPDE-Pixel were evaluated quantita-
tively by calculating object metrics using the "cookie-cutter" ground truth object masks provided by
Stratovan Corp. For each object, the mean, standard deviation, and SNR (defined as mean/stdev)
were calculated for both the photoelectric and Compton images.

Figure 5 shows the standard deviation versus mean cloud plots. It can be seen that relative to
YNC the standard deviation is much lower for SPDE-Pixel and the means are better separated.
This implies that SPDE-Pixel provides more consistent and reliable results. Figure 6 shows a cloud
of photoelectric mean versus Compton mean. It can be seen that with SPDE-Pixel the material
clusters are tighter and better separated. This is significant since the photoelectric and Compton
coefficients are used for material identification, and more accurate results can be obtained with
clusters which are more separable. Lastly, Figure 7 shows the percent improvement in SNR for
SPDE-Pixel relative to YNC. For all the object types and for both the photoelectric and Compton
coefficients there is great improvement in SNR.
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Figure 5: Cloud plots of standard deviation versus mean. Each point corresponds to one object.
Top row: photoelectric coefficient. Bottom row: Compton coefficient. Left column: results with
YNC method. Middle column: SPDE-Pixel results on the same scale as YNC. Right column:
SPDE-Pixel results on a zoomed-in scale.
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Figure 6: Cloud plots of photoelectric mean versus Compton mean. Each point corresponds to
one object. Ellipsoids correspond to 1-sigma line. Left column: results with YNC method. Middle
column: SPDE-Pixel results on the same scale as YNC. Right column: SPDE-Pixel results on a
zoomed-in scale.
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Figure 7: Percent increase in SNR of SPDE-Pixel relative to YNC. Top row: photoelectric coeffi-
cient. Bottom row: Compton coefficient. Left: water objects. Middle: doped water objects. Right:
rubber sheet objects. Each bar corresponds to a slice.
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2.3.2 Reconstructed images

A comparison between the Compton coefficient image given by SPDE-Pixel and the Xrec recon-
structed image at 130KV is shown in Figures 8-11. It can be seen that in SPDE-Pixel metal is more
contained, streaks are reduced, and smoothing is obtained inside objects while retaining boundaries.

Figures 12-16 show photoelectric and Compton coefficient images given by the YNC method
and SPDE-Pixel for selected low, medium and high clutter slices. The figures demonstrate that
SPDE-Pixel significantly reduces noise and improves object localization.

(a) 130KV Xrec (b) SPDE-Pixel Compton

Figure 8: Xrec 130KV reconstructed image (left) and SPDE-Pixel reconstructions of the Compton
coefficient image (right) for Medium Clutter 1 slice 123. Compton image is in units of cm−1 and
gray scale level 0.15, width 0.3. Xrec image is in units of HU and gray scale level -250, width 1500.
The arrows point to artifacts which have been mitigated by SPDE-Pixel.
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(a) 130KV Xrec (b) SPDE-Pixel Compton

Figure 9: Xrec 130KV reconstructed image (left) and SPDE-Pixel reconstructions of the Compton
coefficient image (right) for Medium Clutter 1 slice 231. Compton image is in units of cm−1 and
gray scale level 0.15, width 0.3. Xrec image is in units of HU and gray scale level -250, width 1500.
The arrows point to artifacts which have been mitigated by SPDE-Pixel.

(a) 130KV Xrec (b) SPDE-Pixel Compton

Figure 10: Xrec 130KV reconstructed image (left) and SPDE-Pixel reconstructions of the Compton
coefficient image (right) for High Clutter 1 slice 220. Compton image is in units of cm−1 and gray
scale level 0.15, width 0.3. Xrec image is in units of HU and gray scale level -250, width 1500. The
arrows point to artifacts which have been mitigated by SPDE-Pixel.

411

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXX



Structure Preserving Dual-Energy CT, Limor Martin and W. Clem Karl 14

(a) 130KV Xrec (b) SPDE-Pixel Compton

Figure 11: Xrec 130KV reconstructed image (left) and SPDE-Pixel reconstructions of the Compton
coefficient image (right) for High Clutter 1 slice 299. Compton image is in units of cm−1 and gray
scale level 0.15, width 0.3. Xrec image is in units of HU and gray scale level -250, width 1500. The
arrows point to artifacts which have been mitigated by SPDE-Pixel.
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(a) YNC: Photoelectric (b) SPDE-Pixel: Photoelectric

(c) YNC: Compton (d) SPDE-Pixel: Compton

Figure 12: Photoelectric and Compton coefficient images produced by the YNC method (left) and
SPDE-Pixel (right) for LLNLPC 2 slice 68. This slice has water and doped water bottles (water
is on the bottom). Photoelectric image is in units of keV3 and gray scale level 5500, width 9000.
Compton image is in units of cm−1 and gray scale level 0.15, width 0.3.
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(a) YNC: Photoelectric (b) SPDE-Pixel: Photoelectric

(c) YNC: Compton (d) SPDE-Pixel: Compton

Figure 13: Photoelectric and Compton coefficient images produced by the YNC method (left) and
SPDE-Pixel (right) for Medium Clutter 1 slice 123. This slice has a thin rubber sheet. Photoelectric
image is in units of keV3 and gray scale level 5500, width 9000. Compton image is in units of cm−1

and gray scale level 0.15, width 0.3.
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(a) YNC: Photoelectric (b) SPDE-Pixel: Photoelectric

(c) YNC: Compton (d) SPDE-Pixel: Compton

Figure 14: Photoelectric and Compton coefficient images produced by the YNC method (left) and
SPDE-Pixel (right) for Medium Clutter 1 slice 231. This slice has a thin rubber sheet and a water
bottle. Photoelectric image is in units of keV3 and gray scale level 5500, width 9000. Compton
image is in units of cm−1 and gray scale level 0.15, width 0.3.
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(a) YNC: Photoelectric (b) SPDE-Pixel: Photoelectric

(c) YNC: Compton (d) SPDE-Pixel: Compton

Figure 15: Photoelectric and Compton coefficient images produced by the YNC method (left) and
SPDE-Pixel (right) for High Clutter 1 slice 220. This slice has a stack of three rubber sheet, a
water bottle and a teflon cube. Photoelectric image is in units of keV3 and gray scale level 5500,
width 9000. Compton image is in units of cm−1 and gray scale level 0.15, width 0.3.
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(a) YNC: Photoelectric (b) SPDE-Pixel: Photoelectric

(c) YNC: Compton (d) SPDE-Pixel: Compton

Figure 16: Photoelectric and Compton coefficient images produced by the YNC method (left) and
SPDE-Pixel (right) for High Clutter 1 slice 299. This slice has a stack of three rubber sheet and a
doped water bottle. Photoelectric image is in units of keV3 and gray scale level 5500, width 9000.
Compton image is in units of cm−1 and gray scale level 0.15, width 0.3.
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3 Direct formation of material-labeled images (SPDE-Object)
In this section we describe a method for directly estimating object boundaries and material labels
from dual-energy data, in a way that is robust to streaks and presence of metal. We call the method
SPDE-Object.

Note that this is not merely a multi-level segmentation task. We jointly segment and identify
the objects based on learned appearance models of materials.

3.1 SPDE-Object Method Description

The principles of SPDE-Object are the following:

• Use learned appearance models to map the data in each pixel to a material label.

• Estimate a metal class image and give lower-weights to data in the vicinity of metal objects.

• Derive an explicit boundary field and use it to control image smoothing.

• Solve using an efficient graph-cut algorithm.

Figure 17 shows the main components of the method for an example slice.

The problem can be stated in the following way:

minimize
l

n∑
i=1

vi (− ln p(ui|li)) + λ
∑

{i,j}∈N
{li �= lj}

(
1

|si − sj |

)
(2)

subject to li ∈ {1, ..., m}

where
n is the number of pixels,
m is the number of material labels,
ui is the data at pixel i,
vi is the data weight derived from the metal label,
s is the boundary field
p(ui|li) is the value of the learned appearance model for data ui given label li ,

λ is a non-negative regularization parameter,
N is a pixel neighborhood, and

{ } is an indicator function

In the implementation for this project we estimated the appearance models for water, doped
water, rubber sheet, metal and background (everything else). We used 130KV and 95KV Xrec
images from Medium Clutter 1 and Water 2000ml scans as our training data. We extracted pixel
values from the images for each of the materials and fit a two-dimensional Gaussian to them. This
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Figure 17: Main components of the SPDE-Object method. Top left figure shows the 1-σ lines for
the appearance models of water, doped water and rubber sheet, based on values from the 95 and
130KV Xrec images. Top right figure shows an example of the weighting scheme applied to the
data. Weights are proportional to the distance from metal. Data points close to metal are given
lower weights. The bottom figure shows an estimate of the boundary-field derived from the 130KV
Xrec image. This is used for edge-preserving smoothing.

gave us the models p(ui|li). For estimating the boundary field s we applied a derivative operator
to the 130KV Xrec image.

Problem (2) is a discrete optimization problem. In general such problems are challenging to
solve but we found that the efficient graph-cut algorithm [2] is well matched to the discrete nature
of the problem and performs very well.

3.2 Results with SPDE-Object

Figures 18-23 show the results with SPDE-Object on some selected slices. The labeled material
image (all labels besides ’background’) is overlaid on the Xrec 130KV reconstructed image. It can
be seen that successful direct labeling from dual energy data in presence of metal, shading and
streaking is achieved in most cases. In some highly cluttered cases, objects may be mislabeled but
object localization is not corrupted by the streaks. (e.g. Figure 21).
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(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 18: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for LLNLPC1b slice 90. This slice has a water bottle
in between magnesium and silicon rods. The labeling of the water bottle is accurate and is not
affected by the dense objects adjacent to the bottle.

(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 19: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for Medium Clutter 1 slice 281. The arrows point to
severe metal artifacts which are eliminated in the labeled image. The water bottle and rubber sheet
are segmented and labeled correctly.
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(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 20: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for Medium Clutter 1 slice 295. The arrows point to
severe metal artifacts which are eliminated in the labeled image. The water bottle and rubber
sheet are labeled correctly. The segmentation of the water bottle is good considering the wide dark
streak going through it.

(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 21: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for High Clutter 1 slice 239. The water bottles are
mislabeled but object localization is not corrupted by the streaks.
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(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 22: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for High Clutter 1 slice 299. The arrows point to severe
metal artifacts which are eliminated in the labeled image. The slice has a doped water bottle and
a stack of rubber sheets which are labeled and segmented accurately.

(a) Xrec 130KV image (b) SPDE-Object labeled image

Water

DopedWater

RubberSheet

Metal

Figure 23: Xrec reconstructed image at 130KV (left) and SPDE-Object material-labeled image
overlaid on the 130KV Xrec image (right) for High Clutter 1 slice 362. The arrows point to severe
metal artifacts which are eliminated in the labeled image. The slice has a water bottle which is
segmented and labeled correctly.
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4 Summary
In this report we presented a pixel-based and an object-based dual-energy methods. The pixel based
method, SPDE-Pixel, reduces noise and metal artifacts in photoelectric and Compton coefficient
images while keeping boundary localization. The object-based method, SPDE-Object, provides an
accurate object segmentation and labeling even in the presence of significant streaks.

The disadvantages of SPDE-Pixel is that it is computationally expensive, it requires an accurate
system model and the parameter tuning is time consuming. The disadvantage of SPDE-Object is
that it requires sufficient training data so that reliable appearance models may be derived.

For future work we recommend combining the pixel-based and object-based methods in a unified
framework for improved image quality and accurate material labeling. We also suggest studying
the performance with features different than photoelectric and Compton (e.g. learned features).
Finally, we recommend to extend the method to more than two energies and to other sensing
modalities.
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Abstract 
X‐ray CT systems have been widely deployed to detect explosives in the screening of checked 

baggage in transportation security. Traditionally, images are reconstructed using direct methods, 
such as filtered back projection (FBP) or direct Fourier reconstruction using gridding. Model‐based 
iterative reconstruction (MBIR) algorithms have recently been shown effective in improving 
resolution and the noise/dosage trade‐off. Instead of relying on a single pass through the sinogram 
data alone, model‐based methods are based on the iterative optimization of a statistical model of 
both the acquired data and the unknown image. By incorporating better models of system and 
knowledge of the image, model‐based approach has potential to reduce metal artifacts, improve 
resolution, and suppress structured noises due to clutter. All these improvements have potential to 
lead better the detection/false alarm tradeoff for the security screening process. 

The objective of this research is to improve existing MBIR algorithms, which are based on a 
monochromatic model for X‐ray data, by estimating a polynomial for correction of nonlinear effects 
simultaneously with the image. Accounting in this way for the effects of highly attenuating metal on 
polychromatic X‐ray beams allows more accurate fitting of the image to sinogram data and 
consequently reduces artifacts caused by nonlinear attenuation behavior such as beam hardening, 
scatter, and other incompletely modeled attributes of the data. 

I. PARTICIPANTS 

Faculty/Staff 

Name  Title  Institution  Email  Phone 

Charles A. 
Bouman  Professor  Purdue University  bouman@purdue.edu  765‐494‐0340 

Ken D. Sauer  Professor  University of Notre 
Dame  sauer@nd.edu  574‐631‐6999 

Students 

Name  Degree 
Pursued   Institution  Email  Intended Year of 

Graduation 

Pengchong Jin  Ph.D.  Purdue University  jin36@purdue.edu  2014 

II. PROJECT OVERVIEW AND SIGNIFICANCE 

X‐ray CT for checked baggage scanning is among the most important elements of transportation 
security. The performance of image analysis algorithms is highly dependent on the quality of 
reconstruction imagery that is used as input to this analysis. When components of a reconstructed 

TO#3: Model‐Based Iterative Reconstruction 
for CT Luggage Screening 

This material is based upon work supported by the U.S. Department of Homeland Security, Science and 
Technology Directorate, under Task Order Number HSHQDC‐12‐J00056. The views and conclusions contained in 
this document are those of the authors and should not be interpreted as necessarily representing the official 

polices, either expressed or implied, of the U.S Department of Homeland Security. 
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slice of a bag are poorly resolved, or corrupted by artifacts resulting from highly attenuating 
materials such as metal objects, poor segmentation of materials as a part of ATR may result in 
sufficient ambiguity in the bag’s content to require human intervention due to a “false alarm.” Any 
improvement in image quality is expected to reduce the number of such cases and reduce the cost 
of operation of the overall system. 

The great majority of deployed CT systems utilize image reconstruction methods based on 
deterministic descriptions of the mapping from the data (sinogram) domain and the image domain. 
Variants of filtered back‐projection are most common, and can be implemented at high frame rates 
appropriate for continuous‐flow baggage scanning. Inversion methods based on more accurate 
descriptions of the instrument and modeling of reliability of data may demand more computation 
in their iterative solution, but show promise in related CT applications [1,2,3,4], which may transfer 
to the security arena. We call this class of methods “model‐based image reconstruction” (MBIR) 
because they rely on relatively precise modeling of pixel/X‐ray interactions, detector behavior, 
photon counting and electronic noise, and stochastic descriptions of image content. 

The objective of this project is improvement of MBIR in its specific application to security scanning. 
Because a major contributor to costly false alarms is poor image quality in the presence of the 
many metal objects that may be part of baggage, or packed within it, our primary focus is a 
technique to automatically compensate for beam hardening of metal. The technique separates 
metal from other image content and models the total attenuation as a polynomial function of both 
the total attenuation in metal, and the total in other materials. The coefficients of the polynomial, 
which will vary with the X‐ray’s spectral shape, are estimate along with the image to allow the best 
fit to the sinogram data, eliminating some of the large inconsistencies due to beam hardening and 
other metal effects that force artifacts in images in an attempt to match data. 

A second thrust is variation in the weighting of measurements according to their approximate 
variances. The most direct model, taken from the Poisson log‐likelihood function, dictates 
weighting proportional to received photon counts. However, the dynamic range of these counts 
may produce estimated images with disadvantageous properties such as poor noise texture or 
unnecessary emphasis of artifacts in cases where the modeling of high‐attenuation rays is 
inadequately accurate. 

Both the advantages of generic MBIR and the enhancements of our beam‐hardening correction 
approach are evaluated using the Imatron data sets shared among participants in the Task Order 3 
effort. The iterative approaches show advantages in subjective image quality. The results in the 
project metrics for segmentation performance are mixed relative to standard, one‐pass FBP. 
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III.RESEARCH ACTIVITY 

A. ALGORITHM DESCRIPTION 

1. Model‐Based Iterative Reconstruction (MBIR) Framework 

Maximum A Posterior (MAP) Estimation 

Model‐Based Iterative Reconstruction (MBIR) works by formulating a mathematical optimization 
problem, which incorporates the model of both the measurement acquisition process during the 
scan and the image being reconstructed. A typical MBIR framework is to compute the maximum a 
posteriori (MAP) estimate given by 

x̂  argmin
x0

 log p y | x   log p x  
 

where  p y | x  is the conditional distribution of measurement vector  yRM  given the underlying 

true attenuation map  x RN
,  p x  is the prior distribution of   x , and  x  0  indicates that each 

pixel must be non‐negative. 

In a conventional CT system, the measurement is generated by  yi   log i

T ,i







, where i  and T ,i  

are the photon measurements of the i‐th projection from the target and air‐calibration scans 
respectively. Furthermore, a typical assumption is that the measurement is an un‐biased estimate 

of the line attenuation integral, given by E[y | x]  Ax , where  ARMN
 is the forward projection 

operator. By using a 2nd order Taylor series expansion of the negative log likelihood [1], the first 
term in the optimization can be approximated by 

 log p(y | x)  1
2

(y  Ax)T W (y  Ax) c() 

where 


W  diag{w1,, wM }RMM  is a diagonal weighting matrix. 

In this study, we focused on the 2D parallel‐beam scanner geometry and used a ray‐tracing model 
to compute the forward projection matrix  A . Mathematically, each entry  Ai, j  can be calculated as 
an inner product of the pixel profile for the particular ray angle and the detector response, which is 
illustrated graphically in Figure 1. 
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Figure 1: Forward projection model with ray sampling across pixel profile. 

The diagonal weighting matrix W  represents the fidelity of each projection measurement. In 
theory, each entry wi  can be modeled to be inversely proportional to the variance of  yi , given by 
wi  i  T ,ie

 yi [6]. In addition to this basic weighting scheme, we also investigated other possible 
weighting schemes and they will be discussed in the later sections. 

The log prior term  log p(x) controls the smoothness of the reconstructed image and also preserves 
local image structures. In this study, we used the q‐Generalized Gaussian Markov Random Field (q‐
GGMRF) model [4] given by 

 log p(x)   s,r(xs  xr )
{s,r}C
 , (xs  xr )  | xs  xr |p

1 | (xs  xr ) / c |pq , 1 q  p  2 . 

Combining the log likelihood term and the log prior term, we obtain the global objective function to 
be optimized as follows 

argmin
x0

f (x)  argmin
x0

1
2

y  Ax D
2   s,r(xs  xr )

{s,r}C













. 

 

Iterative Coordinate Descent (ICD) Optimization Algorithm 

To optimize the above objective function, we adopted the Iterative Coordinate Descent (ICD) 
optimization algorithm. The ICD algorithm has the form 
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Initialize x and   y Ax
For each voxel s {

v xs

1  A*s
T D; 2  A*s

T DA*s

xs  argmin
u0

1(u  v) 1
2
2 (u  v)2   s,r (u  xr )

rs









Update 
}

 

where s  is the set of neighboring pixels to  s , and 1 and 2  are the first and second derivatives 
of the first term in the objective function with respect to the pixel  xs . In order to solve the 1‐D 
optimization problem inside the loop, we used the method of surrogate function [5]. 

 

2. Model‐Based Iterative Reconstruction with Simultaneous Beam Hardening Correction (MBIR‐
BHC) 

It is well‐known that the attenuation coefficient of materials depends on the energy of the X‐ray 
and the low‐energy portion of the X‐ray normally get attenuated preferentially comparing to the 
high‐energy portion, a physical effect known as the beam hardening. In practice, beam hardening 
can contribute to the reconstruction artifacts, such as metal streaks and cupping. Since most X‐ray 
beams exhibit a broad energy‐spectrum, a more accurate forward model that accounts for the 
broadness of the X‐ray spectrum is given by 

E[Yi | x]  log S(E)e
 Ai , j j (E )

j1

N


dE












  log S(E)e

 Ai , j x jrj (E )
j1

N


dE












 

where S(E)  is the normalized energy spectrum,  j (E)  is the energy‐dependent attenuation 
coefficient and the function  rj (E)  carries the energy‐dependent behavior of the j‐th pixel. In this 
study, we developed a novel model‐based reconstruction algorithm, MBIR‐BHC, which is able to 
simultaneously correct the beam hardening effect, and investigated the performance of MBIR‐BHC 
on the baggage scan dataset. 

 

Poly‐energetic X‐ray Forward Model 

In order to better model the data measurement and account for the beam hardening effect, in this 
study, we proposed a poly‐energetic X‐ray forward model, which is based on the assumption that 
different materials can be separated by their densities. We modeled the energy‐dependent 
attenuations  j (E)  as a convex combination of two basis materials given by 

 j (E)  xj (1 bj )rL (E) bjrH (E)   
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where  rL (E) and  rH (E)  are two energy‐dependent basis functions of “low” and “high” density 
materials, and 0  bj 1 is the percentage of material in the j‐th location that is of high density. 
Using this decomposition, we constructed a new forward projection model for the i‐th projection as 

E[Yi | x] h(pL ,i , pH ,i )   log S(E)erL (E ) pL ,irH (E ) pH ,i dE   
where  pL ,i  and  pH ,i  are two energy‐independent material projections given by 

pL ,i  Ai, j x j (1 bj )
j1

N

 , pH ,i  Ai, j x jbj
j1

N

 . 

We further parameterized this nonlinear h(,)  function using a joint polynomial of  pL ,i  and  pH ,i  
given by 

h(pL ,i , pH ,i )   k ,l (pL,i )
k (pH ,i )

l

l


k
  

and the coefficients  k ,l  will be simultaneously estimated in the optimization process. 
Incorporating the novel poly‐energetic X‐ray forward model, the MBIR with simultaneous beam 
hardening correction (MBIR‐BHC) can be formulated as 

arg min
x0,b,

1
2

wi yi   k ,l (pL ,i )
k (pH ,i )

l

l


k






2

i1

M

 U(x,b)











 

where U(x,b)   log p(x,b)  denotes the negative log joint prior of  x  and b  for regularization. 

 

Joint Prior of Image and Material Segmentation 

To further simplify the model, we assumed bj {0,1}  to be binary; therefore, each pixel can be of 
either low density material or high and the vector b {0,1}M  becomes a material segmentation of 
the reconstructed image. U(x,b) , is used for regularization over the image and the material 
segmentation. We modeled U(x,b)  as a two‐layer hybrid Markov random field, illustrated in Figure 
2. Mathematically, it can be formulated as 

U(x,b)   s,r(xs  xr )
{s,r}C
  s,r (bs  br )

{s,r}C
  (xj T ) (1 bj ) (T  x j )bj

j1

N

  

where  ()  is the discrete indicator function, T  is the pre‐defined segmentation threshold, and 
 s,r  , s,r  and   are regularization weights for each potential functional. To optimize the overall 
objective function, we used the Newton‐Raphson approximation techniques and ICD optimization. 
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Figure 2: Two‐layer structure of random field model for pixel attenuation values ( ) and classifications ( ) 

into metal and non‐metal components. 

 

3. Data Weighting Matrix for Metal Artifact Reduction 

Recall that in the basic MBIR algorithm, the negative log likelihood function is approximated by  

 log p(y | x)  1
2

(y  Ax)T W (y  Ax) c() 

where 


W  diag{w1,, wM }RMM  is a diagonal weighting matrix. In general, the entries wi  are 
effectively specifying the reliability of each measurement. The weighting scheme can be critical, 
especially when the dataset contains a lot of high density objects and many measurements become 
unreliable. In this study, we extended our previous study in the transition task [7] and explored an 
adaptive weighting scheme. Mathematically, to determine the weight for a particular projection, 

we pre‐computed the metal projection of the initial reconstructed image  x(0)
, e.g. FBP, and 

determined the percentage  Ii  of the metal projection in the projection, calculated as 

Ii 
ymetal ,i

yi


Ai, j x j

(0) (x j
(0)  T )

j1

N


yi

 

where T  is the threshold used to segment the metal object, and the weight for the i‐th projection 
is calculated as 

wi  Iie
 yi  (1 Ii )e

yi
2 . 

This adaptation reduces weighting of data according to the proportion of metal in the given 
projection. The philosophy behind this innovation is that there is likely to be some inaccuracy in the 
modeling of metal projections, decreasing their relative reliability beyond the value indicated by 
variance purely from photon counting noise. 

 

 

 

x b
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4. A Modified Likelihood Model for Abnormal Measurement Rejection 

Depending on the objects being scanned, the actual measurements may not be always consistent 
with the physical assumption. One cause of the inconsistency is the beam hardening, a problem we 
address in the approach above. However, it is often the case that the defective measurements can 
come from various effects coupled together, such as beam hardening, scattering, metal partial 
volume, etc. Sometimes, it is difficult to come up with a model that accounts for all these effects 
individually. Here, we consider another approach [8], where we modify the conventional quadratic 
likelihood term and try to give less influence if the measurement differs significantly from the 
theoretical model. Mathematically, we consider the family of the generalized Huber function as our 
modification to the original quadratic likelihood, given by  

 log p(y | x)  1
2

H L , wj yi  Ai,*x  
i1

M

  

where the generalized Huber function is defined as 

H L , ( )   2 |  | L
2L |  | L2 (1 2 ) |  | L





 . 

Figure 3 plots the shape of a generalized Huber function. In this modified model, we control how 
much we fit the estimation to the actual measurement depending on the difference of the 
normalized error sinogram. If the error sinogram entry is less than the threshold  L , a normal 
quadratic penalty is used. If the error sinogram entry is greater than the threshold  L , indicating a 
potential defective measurement entry, a linear penalty is used, reducing its effect to the total cost. 
In this study, we set   0.5, L  0.5 . 

 
Figure 3: Plot of generalized Huber function used for data match penalties. 

 

B. RECONSTRUCTION RESULTS 

1. Iterative reconstruction and its resolution advantages 

A principal advantage of iterative methods such as MBIR is the variety of tools available to control 
the resolution/noise trade‐off. Forward modeling of the data collection process captures the spatial 
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integration of detector surfaces and automatically inverts the blurring process. Edge‐preserving a 
priori image models permit abrupt, natural boundaries while smoothing low amplitude noise. In 
Figure 4, the MBIR reconstruction of the rubber sheet is a sharper, narrower rectangular segment. 
The mask appropriate to the FBP image includes a significant number of low‐valued pixels around 
the edges in the MBIR version. Such resolution gain may lead to improved separation of similar 
materials. 

 

 

 
Figure 4: FBP reconstruction of Medium_Clutter1 slice 281 (top) and rubber sheet reconstructed by FBP 

(upper) and MBIR (lower). Both sheets are outlined by the mask furnished by Stratovan for the sheet, which 
is created from the FBP image.  

 

2. MBIR with metal‐adaptive data weighting 

We first consider our simplest approach to ameliorating metal artifacts, described in Section III.A.3 
& 4. Many of these artifacts result from systematic errors in projections through highly attenuating 
materials due to beam hardening and scatter, with photon counts possibly being higher than their 
true reliability dictates. The reduction of weights for heavily metal‐corrupted measurements 
encourages greater sinogram errors for these measurements and allows the more reliable data 
plus the regularizing a prior model to suppress artifacts. Additionally, the transition from quadratic 
penalties on sinogram errors to absolute values for larger deviations (the Huber model) builds in 
tolerance for these outlier data. 
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Figure 5: Comparison of FBP reconstructions (left column) and MBIR with metal‐adaptive data weighting 
(right column). Scans are (top to bottom) numbers Medium_Clutter1_123, Medium_Clutter1_295 and 

Medium_Clutter4_270. 

Figure 5 shows improvements in cases with moderate amounts of corruption from metal. In each 
case, the reconstruction of metal components is contained within a smaller region of support than 
in the FBP versions. The principal issue arising from inaccurate reconstruction of metal objects in 
security applications is propagating artifacts corrupting other homogeneous materials. The rubber 
sheet atop the first row, the water bottle in the lower right of the second, and both the water 
bottle and rolled rubber sheet of the third row all have artifacts appreciably reduced. It is hoped 
that such improvements will prevent separation of single materials into distinct segments. The 
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segmentation results overlaying the image using Stratovan’s Tumbler algorithm are shown in Figure 
6. It is clear that the segmentations are improved. 

 

 

 

 
Figure 6: Comparison of Tumbler segmentation using FBP reconstructions (left column) and MBIR with 

metal‐adaptive data weighting (right column). Scans are (top to bottom) numbers Medium_Clutter1_123, 
Medium_Clutter1_295 and Medium_Clutter4_270. 
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3. Beam hardening correction in MBIR 

In Section III.A.2 above, we introduce joint estimation of polynomial beam‐hardening correction 
(BHC) parameters with imagery. In the results below, the correction is based on thresholding of the 
intial FBP image for a static, binary mask of high‐density objects. The adaptation allowed by the 
optimal selection of the correction polynomial provides “relief” from especially large errors in 
locations where beam hardening causes inconsistencies.  

Differences between Figures 5 and 7 are subtle. Corruption of homogeneous water in the right 
column of Figure 7 is less pronounced than in Figure 5, and high‐intensity objects appear better 
reconstructed. Segmentation results in Figure 8 using the Stratovan’s Tumbler algorithm yield 
similar quality to the result following reconstruction with adaptive weighting in Figure 6 for the two 
cases. 
A more severe series of tests appears in Figure 9. Again here, severity of artifacts is lessened as 
metal reconstructions become more spatially contained. One may speculate that the water 
containers will be better segmented in the MBIR images. However, sufficient corruption remains to 
damage the results of automated analysis. In the top and bottom rows, proper segmentation of the 
stacked rubber sheets is likely to be problematic in either column. 

 
C. Image analysis results 
In the security baggage scanning problem, qualitative image assessment as in the discussion above 
is of limited consequence, since automated detection is the assumed goal.  

The cloud plots in Figure 10 above show the mixed results of using the two methods of 
reconstruction, followed by connected components analysis. In the doped water regions, MBIR has 
a consistent mean estimate and excellent recovery of the area of the water container in cross 
section, significantly tighter in its pattern than the FBP (reducing the PCA area of the cloud from 35 
to 4 as shown in the cloud plots). In the other two materials, quantitative performance is poorer, 
and deserves comment. In plain water recovery, MBIR’s metric is inflated by two outlier cases, in 
which the segmented water is much larger that it should be. All other cases are near the zero‐error 
axis. The FBP result shows many cases well below the zero error, which indicates under‐detection 
of the doped water. One might argue that the pattern on the right is more desirable in practice. 

The performance on the rubber sheet is poor. The MBIR segmentation errors have wide variance, 
resulting from frequent merging of the three stacked thicknesses of the sheet. The FBP images 
have more frequent problems of near‐zero areas of connected components, as indicated by the 
cluster at the base of the plot. 
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Figure 7: Comparison of FBP reconstructions via the furnished “Xrec” code (left column) to MBIR with 
thresholding for identification of metal regions and joint estimation of imagery and polynomial beam 

hardening coefficients (right). Scans are (top to bottom) numbers Medium_Clutter1_123, 
Medium_Clutter1_295 and Medium_Clutter4_270. 
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Figure 8: Comparison of Tumbler segmentation using FBP reconstructions via the furnished “Xrec” code (left 
column) to MBIR with thresholding for identification of metal regions and joint estimation of imagery and 
polynomial beam hardening coefficients (right). Scans are (top to bottom) numbers Medium_Clutter1_123, 

Medium_Clutter1_295 and Medium_Clutter4_270. 
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Figure 9: FBP (left) and iterative (right) reconstructions of heavily metal‐corrupted scans, numbered (top to 

bottom): High_Clutter1 #239, High_Clutter1 #350, and High_Clutter3 #194. 
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Figure 10: Cloud plots comparing FBP (left) and MBIR (right) reconstructions with via connected 

components analysis of three materials (generated by Stratovan’s metric software). Vertical axis is 
the ratio of the difference between areas of the given image’s segmentation and the “ground 

truth”, divided by the ground truth area. 
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Figure 11: Comparison of result for FBP (upper row) and MBIR (lower row) in slice 299 of 

High_Clutter1 data, with generalized Huber data penalty and metal‐adaptive data weighting. Left 
column images are reconstructions, right column images show connected components (CCL) for 

region started from seed in white. 
 

In Figure 11 we see the most costly error, in terms of the area metric in Figure 10, which is creation 
of too large a region. We clearly need to improve resolution to hope to separate the sheets. Figure 
12 is a relatively successful case for MBIR, which the FBP fails to expand the region from the seed, 
producing one of the points near the bottom of the cloud for the rubber sheet in the previous 
figure. Similarly, in Figure 13, the artifacts in the FBP image arrests the CCL with only a small 
fraction of the true water area identified. 
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Figure 12: Reconstruction and connected components labeling (CCL) of rubber sheet in slice 038 of 
Medium_Clutter1 data for FBP (upper row) and MBIR (lower row). Region grows from seed in white. 
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Figure 13: Reconstruction and connected components labeling (CCL) of water in slice 231 of 
High_Clutter1 data for FBP (upper row) and MBIR (lower row). Region grows from seed in white. 
 

 

IV. FUTURE PLANS 

Our  work  under  Task  Order  3  included,  most  importantly,  implementation  of  iterative 
reconstruction  to  match  the  Imatron  scanner  data,  plus  several  variants  of  the  basic  MBIR 
algorithm.  The  simultaneous beam hardening parameter  estimation provides  a  framework  for  a 
relatively  simple  correction  of  artifacts.  Reconstructed  images  show  improvement  visually  and 
frequently  significantly  better  segmentation  of  homogeneous  materials.  However,  the  current 
version of MBIR applied to the provided data does not yet yield a clear overall win in the detection 
stage. Several aspects of the problem would deserve attention in subsequent, related research: 
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 Modeling  aimed  directly  at  metal  characteristics:  Our  adaptations  of  MBIR  have  been 
relatively generic, attempting to perform beam‐hardening correction and data down‐weighting 
to  compensate  for  the  large  errors  encountered  on  metal  projections  due  to  cumulative 
nonlinear effects. A number of more focused methods for metal correction are available, and 
could aid these efforts. 

 Resolution boosting in rebinned data: There appear to be resolution limits in the data used in 
this  study  which  may  originate  in  the  rebinning  process.  MBIR  relies  on  accurate  system 
modeling to create its benefits, and we should enhance our system model to include whatever 
resolution loss may affect the data. 

 Advanced a priori image modeling: More sophisticated, adaptive stochastic image models may 
allow  significantly  smoother  homogeneous  regions  in  our  reconstructions without  sacrificing 
edge resolution. 
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Marquette University 
 
1.  Executive Summary
The goals of this project were to create simulated projection data that matched the Imatron scanner 
and to define standardized mathematical suitcase phantoms. Simulated data has the potential to impact 
the development of imaging systems and algorithms, by providing a large library of test data with known 
ground truth.  Access to data for algorithm (reconstruction, segmentation, and automated threat 
recognition) development and testing is currently limited for third‐party researchers.  Simulation tools 
that can model realistic security scanners are not known to exist in the public domain.  Simulations may 
reduce the time to market and development cost for new CT scanners, as a wide variety of design 
parameters can be tested without the expense of physical implementation.  Furthermore, simulations 
may be used to predict the performance of the scanners.   
 
In this work, simulated datasets were generated and validated by quantitatively comparing images 
reconstructed from simulated and experimental Imatron data.  The match between the simulated and 
Imatron data was evaluated by comparing the following metrics in images reconstructed from simulated 
and experimental data:  the reconstructed Hounsfield Unit (HU) values, reconstructed noise standard 
deviation, scatter‐to‐primary ratio (SPR), cupping due to beam hardening and scatter, and the visual 
similarity of streaks due to beam hardening and metal.   The results demonstrated that the simulated 
data matched the experimental mean values to within 1% to 9.6 % percent, depending on the object 
and spectrum.  In the case of the 9.6% discrepancy, the mean of the simulated data was within one 
standard deviation of the HU values reconstructed from experimental data.  The noise standard 
deviation of the simulated data was within 10% of the experimental data for five of the reconstructed 
objects and within 20%‐30% for three of the objects.  The SPR of the simulated and experimental data 
matched to within 13%, while the scatter cupping artifact matched to within 1 HU.  The artifacts due to 
metal and beam hardening were visually similar in the experimental and simulated images.  Seven 
mathematical phantoms were defined, including four suitcase phantoms.  Simulated data was generated 
and made publically available for these phantoms using the developed software tools.  One of the 
simulated suitcase phantoms modeled four water objects in different container materials, a thin Teflon 
sheet, and metal objects.  This suitcase phantom may be a useful standard for comparing future 
algorithms, as the reconstructed values in the water objects can be used to generate feature cloud plots.   
 
The work was limited in the number and complexity of objects used to validate the software 
performance.  In order to fully realize the potential of simulation tools for security applications, future 
work is recommended to improve the complexity of modeled objects, including the development of a 
suitcase packing algorithm.  Another limitation of the project is that the simulation workflow contains 
several steps that are not integrated into one software package.  Developing an integrated and easy‐to‐
use software package requires substantial software development effort.  Additional work is 
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recommended to develop an object‐oriented simulation software framework that can be easily adopted 
and modified through the security imaging community. 
 
2. Simulation Methods Used in this Work 
Figure 1 displays a flow chart of the simulation work flow.   
 

 
Figure 1:  Flow chart of simulation workflow 

 
2.A Simulated X‐ray Spectra 
Data was simulated assuming both 95 kV and 130 kV spectra, which were modeled using the SPEC78 
software1.  The raw spectrum output by SPEC78 was attenuated by modeling the 0.381‐mm 304 
Stainless Steel window of the Imatron source and the energy‐absorption effects of the 2.3‐mm Cadmium 
Tungstate detector.  The x‐ray fluence (180,000 photons per ray in the sinogram for the 95 kV spectrum, 
and 170,000 photons per ray for the 130 kV spectrum) was estimated from the Imatron air scans using a 
method proposed by Seemeen Karimi2.   The method estimates the fluence by calculating the SNR in the 
raw air‐scan data. 
 
2.B Object Definition 
The bag phantoms (i.e., bag models) were defined as a combination of primitive 3D shapes: ellipsoids, 
cylinders, cones and boxes.  The dimensions, orientation and positions of the primitive objects were 
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specified in a text file.  The primitive shapes can be further constrained by defined cut planes. For 
example, an object can be defined as the portion of a primitive shape on one side a defined plane.  The 
material composition of primitive shapes was defined by specifying the linear attenuation coefficient.  
Intersections of objects were handled by assigning each object a precedence level, which is determined 
by the order in which the object is listed in the shape text file.  When objects intersect, the object with 
the higher precedence level is modeled.  Linear attenuation coefficients were modeled from the NIST 
XCOM database3.   
  
2.C Ray Tracing Simulations 
The simulation software g3d was used to analytically calculate the path‐length (i.e., line integrals) of 
defined rays through the software phantoms4.  The process of calculating path‐lengths through the 
phantoms is referred to as ‘ray‐tracing’.  The g3d software models the scanner geometry, including the 
source focal spot dimensions and location, the detector dimensions and location, and the gantry 
rotation.  Ray tracing is performed for all detector pixels and all gantry rotations.  The output of g3d is a 
sinogram containing the total path‐length for each ray measurement connecting the source to detector 
at each view angle.  
 
Three CT scanner geometries were modeled for this project:  the native Imatron geometry, the 
intermediate fan‐beam geometry to which the Imatron geometry is processed (geometry equivalent to 
the .cfl output singorams), and the parallel‐beam geometry which is the final sinogram output by the 
Imatron Xrec software.  The document 
SimulatedDataDocumentationSchmidtVersion6.doc provides the specifications of the 
modeled geometries.  The bash script files g3d_imatron_native.sh, g3d_imatron_fan.sh, 
and g3d_imatron_parallel.sh contain the commands to run g3d for each modeled scanner 
geometry.   
 
g3d performs ray‐tracing for a single photon energy.  Because the linear attenuation coefficient of all 
materials depends on energy,  polyenergetic acquisition can be simulated by running g3d for each 
energy in the spectrum.  The result is one sinogram for each modeled energy.  Section 2.E describes how 
these monoenergetic sinograms are combined to model a polyenergetic acquisition. 
 
2.D Monte Carlo Simulations 
Ray‐tracing simulations as described in Section 2.B calculate the path‐length of each ray through the 
object, which can be used to calculate the mean value of the primary detected x‐ray signal (i.e., the 
signal from the mean number of x‐rays that pass through the object without attenuation and are 
detected).  In practice, some of the x‐rays that are attenuated from the beam are scattered in a different 
direction, with some of these scattered x‐rays reaching the detector.   Scatter causes artifacts in 
reconstructed CT images, including streaks and errors in the reconstructed CT numbers5.  Monte Carlo 
simulation tools, which model the stochastic transport of x‐ray photons through matter, can be used to 
estimate the detected scatter signal.   The Geant4 Monte Carlo tool kit was used to model scatter in this 
work6.  Geant4 has the option of defining objects as combinations of primitive shapes, although the 
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parameter specifications differ from the g3d definitions.  Therefore, manual translation was required to 
convert the g3d phantom definition file to a Geant4 geometry.   
 
Geant4 models and tracks the stochastic trajectory of individual x‐ray photons through the defined 
phantom.  In this work, 10 billion photons were tracked for each of the 2588 view angles in the native 
Imatron geometry.  The simulations modeled the polyenergetic spectra defined in Section 2.A. These 
simulations were computationally intensive and were distributed across a high‐performance computing 
cluster.  The computation time could be reduced in future work by subsampling the number of view 
angles or detector pixels.  The Monte Carlo simulation software used in this work output two sinograms:  
the detected scatter signal and the detected primary signal.  The detected scatter sinogram was 
processed and combined with the ray‐tracing output, as described in Section 2.E.  The detected primary 
sinogram was used for a validation, as described in Section 3.C.  The primary sinogram estimated by 
Monte Carlo methods could be used instead of g3d, however the computation time required for 
simulating realistic photon fluences is higher for Monte Carlo than analytical raytracing. For example, 
simulating 10,000 photons per ray in Geant4 required 300 times the computation time of the g3d 
simulations.  This high computation time was reduced by performing the Monte Carlo simulations on a 
high‐performance computing cluster.  The photon fluence of the Imatron scanner is estimated at 
180,000 photons per ray, which would require another factor of 20 increase in computation time for 
Monte Carlo compared to g3d. 
 
Figure 2 plots the detected scatter signal for one projection angle.  The scatter signal is noisy, as the 
number of simulated photons is kept low to reduce the computation time.  The scatter signal generally 
contains low frequencies7.  Therefore, the mean scatter signal was estimated by denoising the Monte 
Carlo output with the Richardson‐Lucy algorithm,8,9 as displayed in Figure 2.  The mean scatter signal 
was normalized by the photon fluence modeled in Geant4, and then multiplied by the photon fluence of 
the Imatron scanner. 

  
Figure 2:  The estimated detected scatter signal as estimated by Monte Carlo simulations before and 

after denoising 
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2.E  Combining the Ray‐Tracing, Monte Carlo, and Noise 
The ray‐tracing and Monte Carlo simulation outputs were combined using Matlab routines.  The Matlab 
routines also add Poisson photon noise and additive Gaussian electronic noise.  The Matlab routines also 
perform log normalization and handle photon‐starved pixels.   
 
3. Validation of the Simulation Methods 
The purpose of this work was to quantitatively validate that the simulated data matched the 
reconstructed values, noise, and artifacts of the experimental data. 
 
3.A.  Spectra Validation 
Figure 3 displays the modeled 95 kV and 130 kV spectra.   
 

Figure 3:  95 kV and 130 kV spectral models 
 
The 95 kV and 130 kV spectra models were validated by comparing the experimental transmission 
through an aluminum step phantom as measured on the Imatron scanner with the transmission 
estimated using the spectral models.  Figure 3 displays an image of the aluminum step phantom and 
compares the transmission estimated by experiments and simulations. The transmission estimated 
through simulations was within 2% of the transmission measured through experiments. 
 

 
Figure 4: (left) Aluminum step phantom used to validate spectral models.  (right) Transmission 

through aluminum step phantom as measured through experiments and simulations 
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3.B.  Ray‐tracing validation 
Data was simulated for the same graphite, magnesium, and aluminum objects that were scanned on the 
Imatron scanner (KACH_EDEC_1 and KACH_EDEC_2 datasets).  The raw Imatron data and the simulated 
data were both processed and reconstructed using Matlab routines were that were developed to 
emulate the Imatron Xrec sinogram processing software.  The Matlab processing routines reorganize the 
data into detector fans, interpolate the data equiangular fan beam data, and performing sinogram 
corner folding.  The resulting fan‐beam sinograms were reconstructed using Matlab routines supplied by 
Patrick LaRiviere.  
 
Figure 5 compares the reconstructed images and the central horizontal profile through the phantom for 
the graphite and magnesium cylinders reconstructed from experimental and simulated data.  Figure 6 
displays the comparison for graphite and aluminum cylinders.  Figure 7 compares the mean and 
standard deviation of the Hounsfield Unit values in the images reconstructed from experimental and 
simulated data.   

 
 

Figure 5:  Comparison of graphite and magnesium cylinders reconstructed from Imatron and 
simulated data at 95 kV and and 130 kV.  All images are displayed at the same window/level.  The 

central horizontal profile through the objects is also plotted. 
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Imatron 
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Figure 6:  Comparison of graphite and aluminum cylinders reconstructed from Imatron and simulated 

data at 95 kV and and 130 kV.  All images are displayed at the same window/level.  The central 
horizontal profile through the objects is also plotted. 

 
 

 
Figure 7:  A comparison of reconstructed Hounsfield Unit (HU) values in regions of interest within the 

cylinder objects reconstructed from experimental (blue solid circles) and simulated (green open 
circles) data.  The error bars represent one standard deviation. 

 
The results demonstrated that the simulated data matched the mean values to within 1% to 9.6 % 
percent, depending on the object and spectrum.  In the case of the 9.6% error (aluminum at 95 kV), the 
mean of the simulated data was within one standard deviation of the HU values reconstructed from 
experimental data.  Comparing the size of the error bars in Figure 7 demonstrates that the simulated 
and experimental data resulted in similar noise standard deviation.  The noise standard deviation of the 
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simulated data was within 10% of the experimental data for five of the reconstructed objects and within 
20%‐30% for three of the objects. The horizontal profiles plotted in Figures 5 and 6 demonstrate similar 
cupping artifacts within the cylinders for simulated and experimental data.  This result suggests that the 
simulated data is accurately modeling beam hardening effects.  
 
3.C.  Scatter Validation 
The simulated scatter signal was validated by comparing the simulated scatter‐to‐primary ratio (SPR) in 
projections of a 2000‐ml water phantom to the SPR estimated in the experimental images.  Matlab 
routines developed to emulate the Imatron Xrec sinogram processing (Section 3.B) enabled 
reconstructing experimental data with and without scatter correction. For Imatron data, SPR was 
estimated as the difference of the offset‐corrected sinogram and scatter‐corrected sinogram, divided by 
the scatter‐corrected sinogram.  For simulated data, SPR was calculated as the ratio of the detected 
scatter signal to the detected primary signal.  Figure 8 plots the simulated and experimental SPR at 95 kV 
and 130 kV.  
 

 
Figure 8:  The scatter‐to‐primary ratio for one projection of a water cylinder phantom as estimated by 

simulations and by experiments on the Imatron scanner. 
 
The mean simulated SPR was within 13% of the SPR in the experimental data. The simulated SPR was 
noisier, as the number of simulated photons was reduced because Monte Carlo simulation time is 
proportional to the number of simulated photons.  The noisy signal did not affect the final simulated 
data, as the simulated scatter data were denoised prior to combination with the ray‐tracing data, as 
described in Section 2.D. 
 
The scatter simulation methods were further validated by comparing images of the water phantom 
reconstructed from simulated data and experimental data without scatter correction, as displayed in 
Figure 9.  The difference between images reconstructed with scatter and images reconstructed after 
scatter correction was calculated for both experimental and simulated data.  Figure 10 compares the 
resulting scatter artifact for simulated and experimental data.   The cupping artifact due to scatter in the 
simulated images (Figure 10) was within 1 HU of the artifact seen in the experimental images. 
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Figure 9:  Comparison of water cylinder reconstructed from experimental and simulated data without 

scatter correction at 95 kV and 130 kV.  All images are displayed at the same window/level.  The 
central horizontal profile through the water cylinder is also plotted. 

 
.   
 

 
Figure 10:  Comparison of the scatter artifact in the simulated and scanned water cylinder at 95 kV 
and 130 kV.  All images are displayed at the same window/level.  The central horizontal profile 

through the water cylinder is also plotted. The scatter artifact images were generated by subtracting 
the images with scatter from the scatter corrected images. 
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4.  Library of Simulated Data 
A library of simulated data was generated using the developed software tools.  Data is available on the 
FTP site in the native, fan‐beam, and parallel‐beam Imatron geometries.  Data is available with and 
without scatter.  Figure 11 displays a slice of one of the simulated suitcase phantom that may be a useful 
tool for comparing reconstruction, segmentation, and automatic threat recognition algorithms.  The 
suitcase contains four water objects in four different containers: steel, aluminum, Teflon, and no 
container.  These water objects could be used to generate feature clouds for comparing algorithms. The 
suitcase also contains a ¼” Teflon sheet, as well as two stainless steel spheres.  Figure 11 demonstrates 
that the simulated data contains realistic streak artifacts due to scatter and metal.  The metal objects 
were positioned such that the resulting metal artifacts make it challenging to segment the water and 
sheet objects.  
 

 
 

Figure 11:  Image reconstructed from simulated data of a suitcase phantom.  This phantom has 
features that may be useful for comparing algorithms in future work. 

 
5.  Future Work and Recommendations 
Additional development work is required to fully realize the potential of simulated data to improve the 
development of imaging systems and algorithms.   The recommended next steps fall into the two broad 
categories of (1) improving the object and suitcase models and (2) improving the simulation code to 
facilitate broad dissemination and the modeling of a variety of object types and scanner geometries.  
Once an adaptable software framework has been developed, the software could be validated to other 
scanner geometries, including x‐ray backscatter scanners. 
 
5.A  Modeling Complex Objects 
One lesson learned during the course of this project was that modeling complex objects with primitive 
shapes was challenging, time consuming, and limited in the ability to model realistic shapes.  
Furthermore, the definition of the primitive shapes varied between g3d, Geant4, and published formats 
such as FORBILD10.   Analytical ray tracing is also limited in its ability to model heterogeneous objects.  
On the other hand, one advantage of primitive shape objects is the ability to model objects that require 
high resolution, such as thin sheets. 
 
One alternative to primitive shape phantoms is to define objects as a collection of discrete voxels.  
Because each voxel is assigned a material, heterogeneous materials and texture can be modeled.  
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Algorithms for ray tracing through voxelized objects are available in the literature11.  One advantage of 
voxelized phantoms is that they can be defined from the reconstructed CT datasets of experimentally 
scanned suitcases.  Disadvantages of voxelized phantoms are that they require a large amount of 
memory, have limited spatial resolution for modeling small objects such as thin sheets, and require 
more computationally expensive ray tracing algorithms.  
 
A second alternative for modeling complex objects is to use objects whose surfaces are defined by 
polygonal meshes.  Standard mesh files can be output from computer aided design (CAD) software.  
Also, tens of thousands of polygonal mesh objects are already modeled and freely available on sites for 
the 3D printing community12.  Ray tracing algorithms for mesh objects have already been developed.13,14  
Like primitive shapes, polygonal mesh objects assume homogenous objects without texture. 
 
All three potential object modeling methods, primitive shapes, voxelized models, and polygonal meshes, 
have advantages and disadvantages and may be useful for modeling specific types of objects.   To meet 
the goal of modeling a large variety of realistic objects, one recommendation is to develop software that 
can simulate objects that are combinations of all three types of objects.  For example, GEANT4 can 
model combinations of primitive shapes, voxelized phantoms, and mesh objecst.  Modeling 
combinations of different object types requires modification of the simulation software architecture, as 
will be proposed in Section 5.B. 
 
5.B  Developing Object Oriented Software Platform 
An important goal for deploying simulation code to the security community is to distribute software that 
is easy to use, easy to learn, easy to modify, and easy to track changes across developers in an open 
source community.  Object‐oriented programming languages such as C++ have been developed to meet 
this goal.  The g3d software used in this work is easy to learn and use.  However, modifying the code to 
model new types of objects and new system geometries (beyond third generation CT) is disruptive to 
the software, in that numerous sections of the code are affected by the changes.  This makes it difficult 
to track and merge changes that are implemented by multiple users when the software is distributed as 
open‐source code.  Developing software code that can be easily modified for novel CT geometries is 
exceedingly important as numerous vendors are developing CT scanners that use unconventional 
geometries, for example multi‐source geometries. 
 
An important next step in this simulation task is to develop object‐oriented simulation code that can be 
easily modified in an open‐source community.  For example, each physical object model, whether 
primitive shape, voxelized model, or polygonal mesh object, can be defined as a C++ object, derived 
from defined base classes.  In addition to the parameters that define the object (dimensions, 
orientation, etc), each class object will also define the function that takes as input the endpoints of a ray 
and outputs the intersection of that ray with the specific object.  Thus, each object is responsible for 
calculating its own path length.  In this framework, new object models and shapes can be defined and 
added to a suitcase without changing the code for any other type of object model.  Therefore, a 

525

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXIII



Final Report: Task Order 3 Simulation Task                     Taly Gilat Schmidt                                                        
12 
 
community of users can develop a wide variety of object models and shapes that can be seamlessly 
integrated into one software package. 
 
Similarly, the scanner geometry can be modeled as classes of C++ objects, which may derive from the 
same base classes.  Each scanner geometry object would be responsible for determining the rays that 
must be traced to form an image.  This framework would make it easy for users to model novel system 
geometries, as only the code for the new geometry would need to be written, while the remainder of 
the simulation code would be unaffected.    A suitcase object could be developed to store the collection 
of shapes, while a ray‐tracing object could manage the ray tracing loops without requiring knowledge of 
the system geometry or object parameters.   
 
Additional software development could simplify and streamline the simulated processing steps detailed 
in Figure 1.  For example, ray tracing, polyenergetic modeling, noise, and scatter could ideally be 
integrated into one software package. Developing this flexible, easy to use, and streamlined simulation 
software is a big project that will require substantial effort. Using this proposed object‐oriented 
framework, the simulation software could be deployed and further developed in a distributed fashion by 
the security community. 
 
5.C Developing a Virtual Packing Algorithm 
Simulated data would have a positive impact on the security community if it could be used to generate 
large amounts of data for system/algorithm development, validation, and testing.  In order to reach this 
goal, a wide variety of suitcase models must be defined.  A virtual packing software would be an 
important tool for generating a large number of random suitcase configurations.  For example, the 
software could draw from a large library of defined suitcases and objects.  The software would randomly 
pick and arrange the objects within the suitcase and output a phantom definition file that could be input 
to the simulation software.   
 
6.  Discussion 
The completed work demonstrated that the simulated data matched the experimental reconstructed 
HU values to within 9%, the noise within 10% for five of eight objects (and within 20‐30% for three 
objects), the SPR within 13%, and the scatter artifact within 1 HU.   The simulated data also produced 
streak artifacts that were visually similar to the experimental data.  One limitation of this work was the 
small number of objects used to validate the simulation software.  The future work described in Section 
5.A would enable a larger library of test objects for validation.  Another limitation was that spatial 
resolution was not used as a metric to evaluate the match between the simulated and experimental 
data.  A comparison of spatial resolution metrics such as Modulation Transfer Function (MTF) is 
recommended for future work.  Developing the Imatron model required extensive details about the 
Imatron design and operation.  Validating the simulated data against experimental data required 
developing software routines that emulated the Imatron post‐processing chain.   
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The software code used and developed in this work is publically available on the Task Order 3 FTP site, 
along with the associated documentation.  One limitation of this work is that the work flow for 
performing simulations (Figure 1) is not streamlined, as it requires two different simulators, bash scripts, 
and Matlab code.  Modifying the code for new geometries may be challenging, as described in Section 
5.B.  Overall, the simulation tools are being distributed, but contain challenges for widespread adoption.  
The work proposed in Section 5.B is required to develop a tool that can be more easily adopted and 
modified by the security community. 
 
One lesson learned in this project was that scatter must be modeled in order to generate data with 
realistic streak artifacts.  There were numerous limitations in the implementation of the Monte Carlo 
software for simulating streak artifacts.  One issue is the use of separate software for ray tracing and 
scatter.  Ideally, these processes would be streamlined into one software package, as described in 
Section 5.B .  Monte Carlo simulation is also computationally expensive, as described in Section 2.D.   
Future work is needed to investigate the potential for reducing this computational load by subsampling 
the sinogram, modeling single scatter events, and additional variance reduction techniques.  
Approximate scatter simulators based on analytical or hybrid approaches should also be studied as 
lower‐computation alternatives to Monte Carlo methods. 
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Appendix A: 
All software code, simulated data, supporting data, images, and documentation described in this report 
are available on the TalySchmidt directory on the Task Order 3 FTP site.  The directory contains a 
README file that describes the organization of the files and sub directories (copied below).  All 
subdirectories also contain a README file with a description of contents. 
 
TalySchmidt/SimulatedDataDocumentationSchmidtVersion6.doc: Specifies details 
of the simulated geometries, phantoms, data formats, and methods used for log normalization and 
photon starvation.   
 
TalySchmidt/SimulationWorkflow.doc: Specifies the steps, software, and commands 
required to generate and reconstruct a simulated dataset.   
 
TalySchmidt/g3d: Contains the g3d simulation software and associated code, the bash scripts for 
running g3d for the specific Imatron geometires, and the bash script for performing polyenergetic ray 
tracing.  All g3d documentation is also contained in this directory. 
 
TalySchmidt/geant4: Contains the Geant4 code for performing Monte Carlo scatter simulations, 
including documentation. 
 
TalySchmidt/Matlab: Contains all Matlab routines for processing scatter data, combining 
polyenergetic ray tracing and scatter, xrec sinogram processing, beam hardening correction, and filtered 
backprojection reconstruction. 
 
TalySchmidt/Mu: Contains the linear attenuation coefficients for the materials modeled in this 
work. 
 
TalySchmidt/Phantoms: Contains the g3d and FORBILD definitions of all simulated phantoms. 
 
TalySchmidt/Reports: Contains documentation detailing the validation methods. 
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TalySchmidt/SimulatedData: Contains all releases of simulated data.  Release 5 is the final 
data release that has been validated and models scatter 
 
TalySchmidt/Spectra: Contains the Imatron spectra models including fluence estimates 
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Appendix XXXV Researcher Final Reports: Wiley

Quantitative Image‐Quality Assessment 
for CT Image Reconstruction 
‐ T03 Final Report 
Stratovan Corporation 
David F. Wiley and Deboshmita Ghosh 
November 1, 2013 
 
 

Northeastern University ALERT  (Awareness and Localization of Explosives‐Related Threats) 
Task Order 3 (T03) CT Reconstruction Initiative 

 

 

This material is based upon work supported by the U.S. Department of Homeland Security, Science and 
Technology Directorate, under Task Order Number HSHQDC‐12‐J‐00056.   The views and conclusions 
contained in this document are those of the authors and should not be interpreted as necessarily 
representing the official policies, either expressed or implied, of the U.S. Department of Homeland 
Security.   
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Definitions 
   
ATR  Automatic Target Recognition 
CCL  Connected Components Labeling. A simple region growing algorithm based on 

neighboring pixel thresholds. This represents a simple segmentation algorithm. 
CNR  Contrast to noise ratio 
IQ  Image quality. 
MSE  Mean squared error. 
Object philosophy  Refers to the interpretation of touching materials. For example, should a cell 

phone be a single object or a series of connected fragments that consist of: 
battery, electronics, plastic case, leather case, button, etc. Both results can be 
considered correct. 

PCA  Principal component analysis 
PSNR  Peak signal to noise ratio 
RMSE  Root mean squared error 
SD  Standard deviation 
SNR  Signal to noise ratio 
SSIM  Structural similarity index measure 
TO3  ALERT Task Order 3 ‐ the reconstruction initiative 
Tum/Tumbler  The Stratovan Tumbler segmentation algorithm. Considers numerous pixel 

intensities at each step and deals with noise, streaks, and poor boundaries better 
than CCL. This represents a sophisticated segmentation algorithm. 

XRec  The Imatron scanner reconstruction pipeline software. This is used as the baseline 
in this project. 

Introduction 
Nine research groups endeavored to improve CT reconstruction in this T03 initiative. Researchers were 
given a functioning reconstruction system (from the Imatron scanner, called XRec) and were asked to 
implement their own algorithms at various stages of this pipeline. Our task was to assess image quality 
improvement of each group relative to the XRec baseline reconstruction algorithm. 

The nine groups are divided into the following categories: 

 Sinogram Pre Processing 
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o Patrick La Riviere, Phillip Vargas, University of Chicago 

 Iterative Reconstruction 
o Jens Gregor, University of Tennessee 
o Synho Do, Massachusetts General Hospital 
o Charlie Bouman, Ken Sauer, Pengchong Jin, Purdue/Notre Dame 
o Jeff Kallman, Harry Martz, LLNL1 

 Filtered Back Projection Reconstruction  
o Frederic Noo, Larry Zheng, Dominic Heuscher University of Utah 

 Metal Artifact Post Processing 
o Seemeen Karimi, University of California, San Diego 

 Dual Energy 
o Limor Martin, Clem Karl, Boston University 
o Brian Tracy, Eric Miller, Tufts University 

The two dual‐energy groups are handled separately from the single‐energy groups due to the 
fundamental differences between dual‐energy acquisition, reconstruction, and resulting images. We 
concentrated our efforts on single‐energy groups first and dual‐energy groups second. As such, we have 
obtained a more comprehensive assessment of the single‐energy groups. Our subsequent discussion 
assumes single‐energy data unless otherwise specified. The dual energy groups will be reporting on their 
progress within their own reports. 

Each group represents a stage in the reconstruction process: 

Post
Processing

Pre‐
Processing

To ATR

Sinogram
(original)

Sinogram
(processed)

Reconstructed
Image

Iterative
or FBP
Recon.

Acquisition

 

Each group modified an existing reconstruction pipeline (XRec) and replaced respective step with their 
own implementation. This project focused on group contributions to independent stages. It should be 
noted that a system could be assembled that simultaneously uses a combination of researcher 
algorithms at different stages. 

Assessment Goals 
Our task was to quantitatively assess image quality improvement as it pertains to ATR. This required us 
to select and implement a set of image quality (IQ) metrics to assess reconstruction output from the 
researchers. Metrics are chosen so that image quality improvement correlates to expected 

                                                            
1 LLNL did not submit results for our evaluation. 
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improvement in ATR. These metrics, and how to interpret them, is explained in detail in subsequent 
sections. 

Xrec ‐ Baseline Researcher A Researcher B

Medium_Clutter2 ‐ Slice.175

 

Figure 1. Our task was to determine image quality improvement over the XRec baseline image. In the three images above, 
one can see subtle differences between images and may be able to arrive at qualitative conclusions. However, our goal is to 
quantitatively assess improvement as it relates to ATR in an effort to converge on better ATR solutions. We measured 
researcher improvement from the XRec baseline images. 

It was not a goal in this project to rank researchers. This does not make sense since groups focused on 
different stages of the reconstruction pipeline and it is unfair to rank researchers operating on slim 
budgets that are tasked with adapting their research algorithms to a new CT imaging system in such a 
short time frame. All algorithms developed during this effort can no doubt be optimized, improved, 
parallelized, ported, and commercialized with appropriate support. 

It was not a goal of this project to assess ATR directly since that would require a functioning ATR system 
which was not available at the time of project startup. Rather, we chose to represent ATR with surrogate 
information that has been determined to directly impact ATR. Namely, image segmentation and 
extracted object characteristics are used as surrogates to assess impact on ATR. 
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We considered the processing pipeline shown below in devising our assessment approach and goals: 

Acquisition Sinograms Reconstruction CT Objects ATRSegmentation

 

Figure 2. ATR processing pipeline. For this project, we are concerned with steps Reconstruction through Objects. This 
pipeline shows that reconstruction impacts the resulting CT scan, which impacts segmentation, which impacts object quality, 
and ultimately impacts ATR. Due to this reliance on previous steps at each stage, it is obvious that improvements in earlier 
stages directly improve subsequent stages in this pipeline. Thus, if we can measure improvements at the segmentation and 
object stage, then ATR will naturally improve as well. 

Assumptions 
Since ATR is tasked with identifying objects as potential threats, we devised image quality metrics based 
on object segmentations. These metrics were designed to focus assessment on image pixels that 
constitute objects of interest. Everything other than the objects‐of‐interest are not considered in our 
assessment, for example, surrounding air, clothes, baggage itself, scanner bed, etc. are ignored. 

We concentrated our analysis on these objects of interest: 

 Water: Distilled water was placed in a variety of containers and scanned in a packing scenarios 
baggage of increasing clutter. 

 Doped Water (Saline): Salt was added to water to create an material rather close to water in X‐
ray attenuation. This was to study the discrimination between similar materials (i.e., distilled 
water and saline). 

 Rubber sheets: Thin neoprene sheets were used to measure a variety of reconstruction effects 
on thin objects. (Thin relative to reconstructed pixel spacing.) 
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A driving force in all of our metrics is that a bottle of water, for example, should result in the following 
properties if reconstructed perfectly: 

1. Homogeneous intensity throughout. Every reconstructed pixel should have the exact same 
intensity value ‐‐ the standard deviation of all water intensity values should, ideally, be zero. 

2. Crisp boundaries. Object interfaces should be high‐contrast and sharp. Well‐defined boundaries 
at object interfaces is critical in supporting post‐reconstruction image segmentation. 

3. Have the same intensity value irrespective of luggage clutter. A system may calibrate water to 
yield an intensity of 1000 MHU. A perfect system would always produce water pixels at that 
value irrespective of surrounding objects. 

4. Segmentation should be easy: A homogeneous object having crisp boundaries and exactly the 
same intensity values throughout should be easy to delineate using simple a segmentation 
algorithm. 

 
We devised quantitative methods based on these properties as applied to water, saline, and rubber 
sheets to measure property perturbations since reconstruction artifacts directly affect these properties. 
 

However, even under perfect reconstruction, there can be: 

 Quantum noise from X‐ray 

 Natural variation within material 

 Sample to sample variation, i.e., two blocks of aluminum manufactured at different times/places 
result in different values.  

These issues are out of scope of this project. 

We considered analyzing jars of small glass and plastic beads in order to assess improvement in 
heterogeneous materials. However, after purchasing, scanning, and evaluating the materials, we found 
that the material properties of the beads were inconsistent with our needs. For example, we found that 
the bead density actually changed throughout the object (i.e., more dense at the object surface) making 
it difficult to devise and employ metrics for fair assessment since the object itself was flawed. As such, 
we decided not to include these objects in our evaluation. 

Summary of Researcher Results 
We have summarized researcher results into the following two tables. The tedious details of how this 
summary was obtained are included in subsequent sections. We used the following image sets from 
each research group: 

 U. of Chicago:     \image‐drop\LaRiviere2\C111 

 U. of Utah:     \image‐drop\Zeng\ver4 

 U. of Tenn.:    \image‐drop\Gregor\Gregor_CGW1B3 

 Mass. General:    \image‐drop\Do\FITS\SparseRecon 

 Purdue/Notre Dame:   \image‐drop\Bouman\genhuber_mixture_X1 

 UCSD:      \image‐drop \Karimi\mar 
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 Boston U.:     \image‐drop \BU\SPDE 

 Tufts U.:     \image‐drop \Tufts\TuftsXXDblpatch 

Summary of Accuracy Results 
The table below represents accuracy improvement for each group. Accuracy is determined by a target 
value, such as zero for standard deviation in pixel intensity constituting an object, and whether the 
researcher's results on average improved towards that target value from the XRec baseline; or whether 
it drifted away from the target value, indicating a worsening in image quality. 

Method  Group  Water  Saline  Sheet 
       σ   Edge  CCL Tum    σ Edge CCL Tum    σ   Edge  CCL Tum
Pre   U. of Chicago                         
FPB  U. of Utah                         
Iterative  U. of Tenn.                         

Mass. General                          
Purdue/Notre                         

Post  UCSD                         
Dual2  Boston U.                         

Tufts U.                         
 

Better 
  Insignificant 

Change 
 

Worse 

Table 1. Summary of accuracy results for each group. Accuracy is measured on average for all objects within a material class 
(i.e., water, saline, or sheet). Change is measured from the XRec baseline. 

Description of major columns: 

 Water: Average change for all water objects. 

 Saline: Average change for all doped water (saline) objects.3  

 Sheet: Average change for all rubber sheet objects.4  

Description of minor columns: 

 σ: Average change in standard deviation for all objects within the material class. 

 Edge: Average change in edge contrast for all objects within the material class. 

 CCL: Average change in segmentation recovery fraction for the CCL segmentation algorithm. 

 Tum: Average change in segmentation recovery fraction for the Tumbler segmentation 
algorithm. 

                                                            
2 The dual‐energy groups used a reconstruction algorithm called YNC as their baseline rather than XRec. The YNC 
implementation yielded low‐quality results making it easy for the two groups to perform better. Thus, we did not 
need to investigate improvements in detail for dual energy groups. 
3 We were unable to assess improvement for saline for University of Utah since this group did not process enough 
images to yield enough saline objects to analyze. 
4 University of Utah only provided results for image slices containing single sheets ‐‐‐ no stacked sheets. 

620

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXV



Accuracy directly impacts trained classifiers within ATR. 

Summary of Compactness Results 
The table below represents compactness  improvement (and consistency in results) for each group. 
Compactness is computed by a principal component analysis (PCA) of each object class, details of how 
this is computed are included in subsequent sections. A perfect reconstruction would yield results where 
all objects fall at a single point within a feature space, such as mean vs. standard deviation. In this 
perfect situation, all object points would be coincident and the PCA region would have zero area. 
However, reconstruction artifacts introduce error that causes clouds to form within these features 
spaces around the ideal point. In this context, compactness is an estimate of feature‐cloud size and the 
table below summarizes the researcher compactness change from the XRec baseline. 

Compactness is related to consistency. For example, a more compact feature‐cloud yields more 
consistent and repeatable results. 

Method  Group  Water  Saline  Sheet 
       σ   Edge  CCL Tum    σ Edge CCL Tum    σ   Edge  CCL Tum
Pre  U. of Chicago                         
FPB  U. of Utah                         
Iterative  U. of Tenn.                         

Mass. General                          
Purdue/Notre                         

Post  UCSD                         
Dual  Boston U.                         

Tufts U.                         
 

Better 
  Insignificant 

Change 
 

Worse 

Table 2. Summary of compactness results for each group. Compactness is measured on average for all objects within a 
material class (i.e., water, saline, sheet). Change is measured from the XRec baseline. 

Description of major columns: 

 Water: Average change for all water objects. 

 Saline: Average change for all doped water (saline) objects. 

 Sheet: Average change for all rubber sheet objects. 

Description of minor columns: 

 σ: Average change in standard deviation for all objects within the material class. 

 Edge: Average change in edge contrast for all objects within the material class. 

 CCL: Average change in segmentation recovery fraction for the CCL segmentation algorithm. 

 Tum: Average change in segmentation recovery fraction for the Tumbler segmentation 
algorithm. 
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Feature‐cloud compactness is an indicator of false alarm rate in an ATR classifier. Large and overlapping 
feature clouds will yield a higher false alarm rate. Small, compact, and non‐overlapping feature clouds 
will have a lower false alarm rate. Improvement is judged on feature‐cloud shrinkage from the XRec 
baseline. Details of how this is computed are shown in subsequent sections. 

Summary Results Interpretation 
Results interpretation is challenging throughout this assessment. We provide several levels of 
assessment in the form of summary, graphs, plots, histograms, and images to support our 
interpretations. To really understand a particular result, one must drill‐down into the data top‐to‐
bottom to form the complete picture of the influences driving the result. This is time consuming to do 
considering the metrics output from our tools constitute over 40GB of data and thousands of files for all 
researcher results. 

The reader can appreciate the two tables above by considering each group independently or in 
aggregate. For example, the reader can review a particular group and get a sense of the pros/cons of 
each particular method. However, we found it insightful to look at the methods in aggregate. Consider 
the following table regions: 

Table 1. Accuracy

BA C C CA AB B

Table 2. Compactness

ED F F FD DE E

 

Figure 3. Aggregate interpretation. Considering these regions across all groups yields some interesting insight into the 
relationship between image reconstruction, segmentation, and ATR. 

The following conclusions can be made from these regions: 
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1. Region A: All groups improved standard deviation. This means that noise, streaks, shadows, etc. 
were reduced in general. 

2. Region B: Edge contrast generally decreased. This means that the object boundary contrast was 
somewhat diminished. For example, if one were to run a smoothing filter on an image, object 
edges would naturally have less contrast unless an edge‐preserving filter were used. 

3. Region C: CCL was generally more sensitive to algorithmic changes than Tumbler. CCL is a simple 
segmentation algorithm that is sensitive to small changes. Tumbler is more robust and tolerant 
to noise, ill‐defined boundaries, and streaks than CCL. Thus, even though researchers may have 
improved their images, Tumbler may have already been able to extract a reasonable 
segmentation from the original XRec image. Their improvements, however, seemed to make it 
much easier for CCL to extract a more accurate object segmentations. 

4. Region B impact on Region C: Our intuition was that if edge contrast diminished (B), it would be 
harder to delineate objects via segmentation (C). However, even though edge contrast (B) was 
reduced, segmentation (C) improved in general. We interpret this as meaning that standard 
deviation of pixel intensities has a larger influence on segmentation than does object boundary 
definition (or boundary contrast). 

5. Region A impact on Region D: Improved standard deviation (A) did not always improve standard 
deviation compactness (D). We are unsure why this occurs but think it may be related to 
material containers (plastic, metal, air, etc.) and surrounding objects within the baggage. 

6. Region D impact on Region E: Improved standard deviation compactness (D) generally 
correlated to more consistent edge contrast (E). 

7. Region E impact on Region F: More consistent edge contrast (E) generally results in better 
segmentation consistency (F). This means that consistent edges around objects result in 
segmentations that are repeatable and more accurately represent an object. 

8. Saline: All groups improved saline more than water and sheets. 
9. Sheets: Sheet representation and segmentation was in general improved.5 

Lastly, it is important to note that more consistent segmentations will also make ATR more consistent. 
Thus, anything that improves segmentation consistency inherently improves ATR. 

Exemplar Researcher Image Results 
Most groups performed rather well on doped water (saline) objects. The following sections show 
resulting images from each group. All groups, except Utah, processed the image below which contains 
water, saline, and rubber sheets. Each object has significant artifacts. For each group, we show a side‐

                                                            
5 Several baggage scans contained one, two, or three rubber sheets. When more than one sheet was present, they 
were usually stacked in such a way that the CT scanner had trouble resolving the interface between touching 
sheets. In our assessment, we initially evaluated each sheet as a single object so that  a stack of three was 
considered three separate objects. However, we found that this introduced the so‐called object philosophy 
problem and wrongly penalized researcher results for sheets. We have since modified our assessment to treat a 
stack sheets as a single object since the scanner resolution cannot adequately resolve the object interface. We 
have determine this is not a reconstruction problem ‐‐ it is a resolution problem. 
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by‐side comparison with XRec and also segmentation results. One can visually interpret reduction in 
artifacts and improvement in segmentation quality. 

High_Clutter1 Slice.239

XRec

Water in
metal canister

Saline in
plastic bottle

Three stacked
Rubber sheets

 

For each group, we show: 

1. Side‐by‐side comparison with XRec result. One should be able to appreciate a reduction in 
artifacts within each of the objects of interest. 

2. CCL and Tumbler Segmentation results on doped water (saline). One should evaluate the 
change in segmentation quality between the researcher result and XRec. Furthermore, one can 
compare between CCL and Tumbler to conclude whether a simple or sophisticated 
segmentation is needed to segment a particular object. If both algorithms do well, then an 
image is easily segmented. If both algorithms fail, then the image has too many artifacts. If only 
one of the segmentation algorithms succeeds and the other fails, that indicates a tendency for 
one method over the other. In most cases, Tumbler performed better than CCL indicating the 
sophisticated segmentation algorithms are needed. 

3. Histograms obtained from a ground‐truth segmentation of doped water (saline). The same 
manual segmentation mask was used for all groups. One can appreciate the change in intensity 
values for both the object interior and boundary. Details for how we compute object 
boundary/edge histograms can be found in subsequent sections ‐‐ this will aid interpretation of 
results. 
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University of Utah 

Medium_Clutter1 Slice.231

UtahXRec
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University of Tennessee 
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Massachusetts General Hospital 
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Purdue/Notre Dame 
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UCSD 
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Assessment Approach 
To evaluate image quality improvement as it pertains to ATR we considered the impact on individual 
objects in addition to difficulty of object segmentation. Object‐based metrics reveal the impact on 
material characteristics that drive ATR. Segmentation‐difficulty reveals the likelihood of accurately and 
consistently delineating objects also directly impacts ATR. 

To meet these goals, our approached included: 

1. Manual (ground truth) segmentation mask: This was used as a cookie cutter to stamp out the 
same object region for all researcher groups. This eliminated segmentation as a variable in this 
analysis since the same segmentation mask was applied to each group. This mask was manually 
determined and eroded by one pixel to reduce partial boundary effects, i.e., the gradient that 
naturally occurs at object edges/boundaries due to resolution issues. 

2. Automated segmentation: We seeded two separate segmentation algorithms (CCL6 and 
Tumbler7) on each object of interest (at the same point) and evaluated the recovery fraction 
against the manual segmentation described above. This gave a sense of segmentation difficulty 
for each object.8 

3. Boundary analysis: We dilated our manual segmentation mask for each object of interest and 
then removed the original mask from the dilated mask. This results in identifying a thin‐band of 
pixels at the object boundary. We evaluate these pixel intensities to arrive at a contrast measure 
to gauge edge quality as it pertains to segmentation. 

                                                            
6 Connected Components Labeling (CCL) is an easy to implement region‐growing segmentation method that 
connects neighboring pixels if their intensity difference is within some threshold. We used a value of 50HU for all 
CCL segmentations. The seed point then selects a group of connected pixels. 
7 Tumbler is Stratovan's proprietary region‐growing segmentation algorithm which uses a several pixel intensities, 
defined by a spherical kernel (in 3D), to determine pixel connectedness. This makes Tumbler more robust to noise, 
streaks, and other artifacts and can better separate objects in general. This algorithm was adapted to baggage 
screening in the ALERT CT Segmentation Initiative. Details on its operation can be found in that final report. 
8 Both CCL and Tumbler are region‐growing algorithms. Region‐growing algorithms were determined to be the 
most effective algorithms for baggage screening in the ALERT CT Segmentation Initiative. These two algorithms 
were selected to represent both simple and sophisticated algorithms to gauge reconstruction effects on both 
categories. Settings for each algorithm were fixed and applied in the same fashion to all research groups. No 
algorithm tuning was performed in order to eliminate segmentation tuning as a variable in results. 
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CT
Ground Truth Segmentation
(Cookie Cutter)

Researcher A Researcher B Researcher C Researcher D

 

Figure 4. Manual (Ground Truth) segmentation mask application to researcher images. A manual segmentation is generated 
from the source CT image. This manual segmentation is then applied to each researcher image, similar to stamping with a 
cookie cutter, to delineate the same region within each image. Applying the same segmentation mask eliminates 
segmentation as a variable and focuses on object properties. 

Full Segmentation Eroded Segmentation
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The partial‐boundary effect is indicated by these 
sloped intensity regions.

 

Figure 5. Partial boundary effect. A segmentation that includes the object boundary can suffer the partial‐boundary effect 
resulting in having included pixel intensities that are vastly different from the actual object pixel intensities. This can be 
mitigated by eroding a segmentation mask to insure that only interior object pixels are included in the segmentation. We 
have eroded our manual (cookie cutter) segmentations by one erosion operation to insure that the segmentation captures 
only the object interior. 
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Material boundary representation has a major impact on follow‐on segmentation quality. Poorly defined 
object boundaries make it difficult for segmentation algorithms to accurately delineate them resulting in 
incorrect merge/split decisions in the segmentation step. The main issue is boundary contrast relative to 
surrounding/touching objects.  

Acquisition resolution plays a role in this problem when it cannot adequately resolve "gaps" between 
objects. However, reconstruction artifacts are major offenders in that streaks, for example, completely 
obliterate true object boundaries ‐‐ and introduce artificial ones ‐‐ causing segmentation algorithms to 
incorrectly merge or split objects. 

In the ideal situation, each object would have a sharp intensity gradient at its boundary. Thus, our 
boundary metric measures the sharpness of object boundaries as a means for determining improved 
object representation. We measure boundary sharpness in the following manner: 

1. Dilate the ground truth (cookie cutter) segmentation to identify boundary voxels. 

2. Examine boundary voxel intensity via histogram and quantitatively. 

 

Ground Truth Segmentation
(Cookie Cutter)

Dilation Boundary Voxels

 

Figure 6. Determination of boundary voxels. Beginning with our ground truth segmentation, we dilate the voxel‐based 
segmentation to identify a thin band of voxels that constitute our boundary. 

Furthermore, we divided this thin‐band at the boundary into inner and outer regions. The inner band 
represents pixel intensities that are on the cusp of the object, where the partial boundary effects take 
place. The outer band represents pixel intensities that are outside the object of interest. For example, if 
the object is a plastic water bottle, then the outside region would be air. If the object is water within a 
metal container, then the outer band represents the metal container. 

Regardless, if one computes the mean value of the inner and outer bands, the difference between these 
means indicates average boundary contrast, as shown below. 
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Figure 7. Inner (blue) and outer (red) boundary bands. Each band is processed separately to yield a mean value for each 
region. The yellow region is the ground truth segmentation. 

Our assumption is that objects should have crisp boundaries to enable segmentation. Average boundary 
contrast is indicated by good separation of the inner and outer peaks in the histogram. The implication is 
that low‐contrast boundaries make segmentation extremely difficult if not impossible. 

Medium_Clutter4.134.fits.MAN_0_0002_HIST_BOUNDARY.tif

Medium_Clutter4.134.fits.MAN_1_0013_HIST_BOUNDARY.tif

“Excellent” differentiation

“Ok” differentiation

 

Figure 8. Examples of good boundary contrast. Segmentation seeks to identify the boundary between outer (red) and inner 
(blue) bands (orange dotted line). Differentiation between the red and blue histogram peaks directly correlates to impact on 
segmentation. Good differentiation yields good segmentation. Poor differentiation yields poor segmentations. 
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Figure 9. Example of poor boundary contrast. There are three stacked sheets in this example. If we consider a ground truth 
segmentation of the middle rubber sheet and consider the inner (blue) and outer (red) band of pixel intensities, we find no 
differentiation in pixel intensities between the two bands. This means that segmentation will be unable to delineate this 
boundary. 

Image Quality Metrics and Evaluation 
Our image quality metrics were divided into the following categories: 

1. Histograms: Histograms provide qualitative insight into object pixel intensity quality. We 
consider pixel intensities interior to an object as well as a thin‐band of pixel intensities at an 
object's border/edge to gauge edge contrast. 

2. Quantitative: Using the ground truth segmentation to stamp out the same object region for all 
researchers, we compute a variety of quantitative metrics on the identified image pixel 
intensities (internal to the object and at its boundary). Using the same segmentation mask 
eliminates segmentation as a variable and makes it easier to compare between groups. 

3. Feature‐space Cloud Plots: We consider multiple feature spaces to gauge feature compactness, 
or cloud size, for each material class. Cloud size relates to ATR classifiers and indicates impact on 
false alarm rate. Larger and overlapping clouds result in higher false alarm rate during ATR. 

4. Summary Improvement Plots: Improvement for each object class is averaged and summarized 
in order to gauge overall impact of each researcher algorithm. This information drove our 
Summary of Researcher results at the beginning of this document.  
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Histograms 
Histograms of object pixel intensities qualitatively convey a substantial amount of information. The table 
below demonstrates reconstruction artifact effects and the expected response to guide design and 
selection of quantitative metrics. 

Phenomena  Example Histogram  Expected RMS value 
Perfect reconstruction  RMS = 0 

Offset 
(two separate image 
reconstructions A and B are 
overlaid on the same 
histogram) 

RMSA > 0 
RMSB >> RMSA 

Symmetry 
(two separate image 
reconstructions A and B are 
overlaid on the same 
histogram) 

RMSA == RMSB 

Noise 
(i.e., increased standard 
deviation) 

RMS > 0 

Combination ‐ offset and 
increased standard 
deviation 

RMS >> 0 

Table 3. Impact of reconstruction artifacts on object pixel intensity histograms. Several perturbations of pixel intensities are 
simulated to demonstrate their expected impact on histograms and quantitative metrics. 

Assumptions and Expectations 
Homogenous objects consist of a single, uniform, material that should be represented by a single 
intensity under ideal circumstances. For example, a bottle of water consists of the bulk water and the 
surrounding plastic container. If we consider only the bulk water, the intensity should be constant 
throughout the entire material region (internal to the container). However, due to reconstruction 
artifacts, voxel intensities can be altered. (We acknowledge, and consider in our methodology, that 
boundary voxel intensity can also be altered because of acquisition resolution.) 

If we consider the histogram of voxel intensities that constitute the bulk water, we can suppose that an 
ideal reconstruction algorithm will result in all voxel intensities being exactly 1000 MHU, for example, 
and non‐ideal methods will result in a widening (and/or offset) of the peak within the histogram. 
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Widening can be measured by the standard deviation of voxel intensities within the bulk water region 
and offset can be detected by examining the peaks. 
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Figure 10. Example intensity histograms of bulk water. Left‐hand image shows perfect reconstruction such that every voxel is 
exactly 1000 MHU. Right‐hand image shows real‐world reconstruction intensity profile that includes noise and an intensity 
offset due to artifacts. 

For a single material, if we consider all voxel intensities as identified by our cookie‐cutter segmentation, 
we expect that a histogram peak will be centered exactly on the Hounsfield intensity representing that 
material. Therefore, for the purposes of this assessment, any offset or widening of the peak from that 
expected value constitutes error in the reconstruction process. (In reality, system error is included, but 
we assume all reconstruction algorithms will include this equally.) 

Given a reconstructed image and a cookie‐cutter segmentation of our object of interest, we compute 
the root‐mean‐squared  error (RMSE) for the population of voxels. A perfect reconstruction algorithm 
will have an error of 0. A reconstruction that has noise will result in a wider histogram peak and 
subsequently increased error. A reconstruction that has little noise, but offsets the material intensity 
due to streaking or beam hardening for example, will potentially result in an narrow, yet offset, peak, 
but properly yield an increased error value due to the offset in intensity. 
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Figure 11. Example single material histogram showing changes in voxel intensity characteristics (offset and peak width) that 
our RMS error metric measures. 
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Quantitative Internal Object Metrics 
To quantitate image quality improvement, we applied the ground truth segmentation for each object of 
interest to the researcher images. This delineated a set of interior object pixel intensities that allowed us 
to compute a variety of metrics. 

We used the following metrics in our assessment: 

 Mean: the mean value of object pixel intensities. 

 SD (Standard Deviation) 
o Measures deviation from reconstructed mean. 
o Measures reconstruction noise. 
o Ease of segmentation indicator. Lower value is better. 
o Impacts ATR classifiers. 

 RMSE (Root Mean Squared Error) 
o Measures deviation from ideal material value. 
o Indicates feature‐space compactness in ATR. 

 PSNR (Peak Signal to Noise Ratio) 
o Similar to MSE, but takes into account data range. 

 SNR (Signal to Noise Ratio) 
o Measures noise relative to material density. 
o Ease of segmentation indicator. Higher value is better. 

We considered using the following metrics but ultimately decided not to use them for various reasons: 

 SSIM (Structural Similarity Index Measure) 
o Similar to MSE 

 MSE (Mean Square Error) 
o Essentially the same as RMSE  

 CNR (Contrast to Noise Ratio) 
o Indicates object contrast. 
o Only useful for heterogeneous objects. 
o Ease of segmentation indicator. Higher value is better. 

Some metrics use the concept of an ideal value for a given material. For example, if water is calibrated 
to 1000MHU, then 1000MHU is the ideal intensity value for water. Deviation from this value indicates 
error in CT acquisition and reconstruction. 

The ideal intensity for a homogeneous material is determined by: 

1. Acquiring a CT scan of a bulk object in free space. 
2. Segment bulk object from XRec CT reconstruction. 
3. The mode of the intensity values determines the ideal intensity. 
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Water  Doped Water (Saline) 

Figure 12. Ideal intensity determination for Water and Doped Water (Saline). The histogram peak (or mode) determines the 
ideal value for a material. A segmentation was performed on a 3D reconstruction of a material (without any surrounding 
clutter) to delineate the object pixels. This pixel intensities constitute the histograms shown above. 

We determined and used the following ideal values in metrics that use an ideal value: 

 1002 MHU for water. 

 1072 MHU for doped water (saline). 

 1437 MHU for rubber sheets. 

Equations 

SD  Standard Deviation 
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MSE  Mean Squared Error 

 

PSNR  Peak Signal to Noise Ratio 

 

SNR  Signal to Noise Ratio 

 

CNR  Contrast to Noise Ratio 
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Expectations 
We tested these metrics on a variety of simulated examples to determine how they respond under 
different situations. In each case, an ideal material value of 1000 MHU is assumed. 

• Mean: 1000

• SD: 0

• MSE: 0

• PSNR: 

• SNR:  

• SSIM: 1.0

 

Figure 13. Effects of ground truth object on metrics. This investigates the metrics under perfect reconstruction such that the 
object is accurately represented. These value become our baseline values that we target as a means to determine 
improvement. 

Metrics Increase in Intensity

1 2 3

Mean 1050 1100 1150

Std 0.0 0.0 0.0

MSE 2497.937 9991.749 22514.436

PSNR 14.155 8.134 4.606

SNR

SSIM 0.999 0.995 0.990

 

Figure 14. Effects of increased intensity on metrics. This investigates the change in metrics when the mean value of the 
material increases. A decrease in mean value was found to provide similar results and is not included. 
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Metrics Noise

1 2 3

Mean 999.252 982.473 947.551

Std 122.618 221.614 302.361

MSE 15037.081 49421.695 94173.945

PSNR 6.359 1.192 ‐1.609

SNR 8.149 4.433 3.134

SSIM 0.280 0.106 0.060

 

Figure 15. Effects of noise on metrics. This investigates the change in metrics when varying amounts of noise is introduced. 

Metrics Streaks

1 2 3

Mean 971.219 944.759 918.166

Std 52.716 105.657 158.562

MSE 3606.755 14214.792 31838.348

PSNR 12.56 6.603 3.101

SNR 18.423 8.942 5.791

SSIM 0.678 0.343 0.188

 

Figure 16. Effects of streaks on metrics. This investigates the change in metrics when varying amounts of streaking is 
introduced. 
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Metrics Shading

1 2 3

Mean 195.032 190.071 185.115

Std 4.986 9.974 14.959

MSE 647597.0 655719.813 663849.063

PSNR ‐9.982 ‐10.036 ‐10.090

SNR 39.114 19.057 12.375

SSIM 0.510 0.701 0.904

 

Figure 17. Effects of shading on metrics. This investigates the change in metrics when varying amounts of shading is 
introduced. 

 

Metrics Cupping

1 2 3

Mean 147.215 129.896 121.316

Std 27.570 27.201 24.707

MSE 728032.813 757945.188 772891.125

PSNR ‐10.491 ‐10.666 ‐10.750

SNR 5.340 4.775 4.910

SSIM 0.225 0.220 0.246

 

Figure 18. Effects of cupping on metrics. This investigates the change in metrics when varying amounts of cupping is 
introduced. 
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Validation 
We ran the metrics on a variety of water objects in order to validate that the metrics provided realistic 
measures of image quality. This was performed in 3D. 

Scan #  Object #  Mean  SD  MSE  SNR  PSNR  SSIM 

004838  0002  989.375  42.071  1929.789  23.517  15.276  0.768 

004794  0004  1007.434  49.914  2523.345  20.183  14.111  0.701 

004837  0004  1003.694  20.753  438.561  48.363  21.711  0.931 

004823  0006  1075.780  239.670  62886.109  4.489  0.145  0.092 

004822  0005  1118.495  209.699  57545.402  5.334  0.531  0.117 
Table 4. Metrics as applied to water samples. All metrics except SSIM seemed to respond as expected. SSIM did not seem to 
increase of decrease in response to more or less artifacts, respectively. We tended to ignore the SSIM metrics. 

Axial  Sagittal 

 

Coronal  3D 

Figure 19. Example 3D segmentation of water. Several water objects were delineated from baggage scans in order to 
compute the table above. 

Quantitative Boundary Object Metrics 
To quantitate impact on object boundary, we process the inner and outer band of pixel intensities at the 
object boundary separately. Each band yields a mean value InnerMean and OuterMean. We define 
boundary contrast to be: 

)( OuterMeanInnerMeanAbsntrastboundaryco   
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As boundary contrast approaches zero, segmentation becomes harder. As it increases, segmentation 
becomes easier, more reliable, and consistent. Boundary contrast is used as the Y‐axis in cloud plots 
described in subsequent sections. 

Quantitative Segmentation Metrics 
We ran two automatic segmentation algorithms on researcher images to quantitate impact on 
segmentation. A recovery fraction was computed by comparing the number of pixels in the automatic 
segmentation to the number of pixels in the ground truth segmentation as described below: 

 

We recognize that this definition of recovery fraction has flaws. However, it was determined in the 
ALERT CT Segmentation Initiative that accurately assessing segmentation recovery/quality is a research 
area in itself. Thus, to avoid major pitfalls in this area, we employed the basic method described above 
to capture improvement. We found that, in general, this metric worked sufficiently well in this project 
and fairly represented segmentation results among the researchers. 

An example CCL segmentation is shown below: 
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Figure 20. Example CCL segmentation. Left‐image shows the CCL segmentation (red pixels) from the seed (white dot). In this 
case, the segmentation only obtains a small fragment of the rubber sheet due to artifacts. Right‐images shows the complete 
CCL segmentation, for reference only. 

A Tumbler segmentation of the same object using the same seed is shown below: 

 

Figure 21. Example Tumbler segmentation. Tumbler segmentation results are shown in red pixels. Tumbler uses the same 
seed point that is used in the CCL example above. In this case, the segmentation gets the lower half of the rubber sheet, but 
is split by an artifact from the upper portion 

Example Metrics Output 
For each object within a reconstructed image, we generate two metrics files: 
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Figure 22. Example metrics output. This file records the metrics output for a single object within a reconstructed image slice. 
These metrics are computed using the ground truth (cookie cutter) segmentation. We use the top two metrics (Mean and SD) 
and the bottom two (OuterMean and InnerMean) in the cloud graphs. The difference between OuterMean and InnerMean 
indicates boundary contrast. 

 

Medium_Clutter4.242.fits.RATING_0_0013.txt 
CCL: ‐0.8255 
TUM: ‐0.2562 

Figure 23. Example segmentation metrics output. This file records the segmentation metrics for a single object within a 
reconstructed image slice. These values represent the recover fraction for both CCL and Tumbler (TUM) for this object. 

In general, we found that Tumbler performed better overall than CCL. This is determined by comparing 
the recovery fractions between the two algorithms. That which is closer to zero is better. A positive 
value indicates the segmentation leaked into neighboring objects. A negative value indicates only a 
partial fraction of the object was delineated. For each material class, we computed the average of the 
recovery fraction absolute values to determine, on average, how well each method performed. The 
recovery faction indicates a multiplier relative to the ground truth segmentation. Thus, a segmentation 
that leaks and results in twice as many pixels would yield a recovery fraction of 2. A segmentation that 
only delineates half of an object, yields a recovery fraction of ‐0.5. Results are shown below. 
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Water ‐ CCL and Tumbler Recovery Fraction (XRec) 

 
CCL average (worse): 0.57                Tumbler average (better): 0.29 

Figure 24. Compares CCL and Tumbler recovery fractions for water objects. Values closer to zero are better. 

 

Doped Water (Saline) ‐ CCL and Tumbler Recovery Fraction (XRec) 

 
CCL average (worse): 0.50                Tumbler average (better): 0.12 

Figure 25. Compares CCL and Tumbler recovery fractions for doped water (saline) objects. Values closer to zero are better. 
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Rubber Sheet ‐ CCL and Tumbler Recovery Fraction (XRec) 

 
CCL average (worse): 0.93                Tumbler average (better): 0.28 

Figure 26. Compares CCL and Tumbler recovery fractions for rubber sheet objects. Values closer to zero are better. 

The graphs above show segmentation results as computed on the XRec reconstructions. Tumbler also 
consistently performed better than CCL on the researcher reconstructions. 

Featurespace Cloud Plots 

Assumptions 
ATR relies on some feature space, based on object material characteristics. Objects of interest are 
clusters within that space. Overlapping clusters/clouds indicates false alarm expectations. 

 

Figure 27. Feature space example. Each grouping represents a different material class. Overlapping regions indicate higher 
false alarm rates in ATR. Shrinking these clusters/clouds should reduce overlapping regions, which will improve the ability of 
ATR classifiers to discriminate between those materials better. 

If one were to scan a bottle of water thousands of times, under perfect reconstruction, one would 
obtain a single ideal point within the feature space. However, reconstruction artifacts yield clusters 
around this ideal point as shown below. 
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• Noise

• Mean/peak shift
– Streaks

– Photon starvation

– Cupping

– Calibration, etc.

Ideal point
Noise error

Mean/peak
Shift error

Feature X
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at
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e 
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Std. Dev. Ideal

Mean/Peak Shift

Noise Mean shift

 

Figure 28. Effect of artifacts on feature‐space material cluster size and shape. 

Application 
We generated a series of cloud plots for each material type based on various feature space variables. 
These cloud plots are described in the following series of images. 

Date: 2013‐10‐10
24h Time: 19h 25m 13s

Group name: Xrec
Script version: 0x103
Cloud version: 0x105

Water object points

In general, improvement is indicated 
by a lower standard deviation of 
object mean values.

 

Figure 29. One‐dimensional plot of mean value for each water object. Each blue dot represents a single water object as 
delineated by the ground‐truth (cookie cutter) segmentation. Mean value is computed across delineated pixel intensities and 
plotted here. Then, the mean value of the blue dots is analyzed, yielding the mean and standard deviation for the group. 
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Water object points
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Figure 30. Plot of water mean versus standard deviation. Each blue dot represents a single water object as delineated using 
the ground‐truth (cookie cutter) segmentation mask. 

Rubber sheet 
plot

Doped water 
plot

Water plot

 

Figure 31. Plot of water mean versus standard deviation for all material classes (water, saline, and sheet). ATR classifiers 
need to distinguish between these different clusters. Significant overlap in this graph implies increased false alarm rates in 
ATR. Good cluster separation implies ATR will be more effective. 
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Figure 32. Plot of water mean versus CCL recovery fraction. Each blue dot represents a water object. This plot shows how 
well CCL segmentation was able to delineate each water object. Recovery fraction is determined by comparison of the CCL 
result to the ground truth mask for each object. (A similar plot was made for Tumbler but excluded here for brevity.) 

Cloud Comparison 
In order to assess a researcher's result, one must compare these cloud plots with the XRec counterparts, 
as shown below: 
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Figure 33. Cloud plot comparison of CCL segmentation results. The top row images show cloud plots for CCL and an a 
researcher. The bottom row of images show the CCL segmentation for a single object (one of the brown dots in the cloud 
plots). 

 

Summary Improvement Plots 
Hundreds of cloud plots were generated for all researchers which would be overwhelming to include in 
this report. Instead, we devised a method for quantifying comparison of cloud plots against 
corresponding XRec plots in order to determine improvement for each research group. 

Improvement from XRec is determined in the following way: 
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These improvement plots summarize how a researcher has performed, on average, for a material type 
as shown below: 
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Researcher Results  Improvement from XRec 
The following series of figures display the improvement plots as computed by the above method for 
each research group. 

University of Chicago 

Figure 34. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 
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University of Utah 

Figure 35. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 
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University of Tennessee 

Figure 36. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 
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Massachusetts General Hospital 

Figure 37. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 
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Purdue/Notre Dame 

Figure 38. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 
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UCSD 

Figure 39. Improvement plots for material classes. Water (W), Doped Water/Saline (D), and Rubber Sheets (S) objects are 
indicated by blue, green and brown dots, respectively. Negative values represent improvement along each axis. Positive 
values represent worsening along each axis. 

We interpreted each of the above plots to arrive at the summary tables shown at the beginning of this 
document. Material dots that did not move significantly from an axis were colored yellow in the 
summary table. Dots that moved off an axis but less than 0.5 in either direction were colored green and 
orange in the summary table. Dots that moved more than 0.5 in either direction were colored blue and 
red in the summary table. 

Metric Application and Assessment Strategy 
Applying these metrics to the researcher output and interpreting results was a time‐consuming and non‐
trivial task. We followed this bottom‐up process, which resulted in over 40GB of data: 
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Figure 40. Metrics application and interpretation via bottom‐up process. Researcher reconstruction images (bottom level) 
are processed to produce quantitative metrics, CCL and Tumbler segmentation results, and histograms of an object's internal 
and boundary regions. This information is parsed to group like‐object metrics together in order to generate cloud object 
plots. These clouds visualize cluster size of each material. Lastly, object clouds are compared against XRec counterparts to 
determine improvement‐from‐XRec plots at the top level. 

We created/used the following tools to apply metrics to reconstructed images: 

 SliceReconMetric32.exe: this tool applied ground truth segmentation against reconstructed 
images and generate quantitative metrics from that segmentation. This tool included several 
options for assessment and TIF image output for debugging purposes. 

 CCLSegmentation32.exe: This tool implemented the CLL segmentation algorithm. 

 Decorum.exe: This tool implemented the Tumbler segmentation algorithm. This is the same tool 
we used in the ALERT CT Segmentation Initiative, modified for our purposes in this project. 

 t03ftpConsole.exe: This tool facilitated the automatic application of these tools and created 
cloud plots. 

o ‐download: This option instructed this tool to download new researcher results from 
the project FTP site. 

o ‐process: This option instructed this tool to identify newly downloaded files, ran 
SliceReconMetric32.exe, CCLSegmentation32.exe, and Decorum.exe on each 
image/object, generated cloud plots, generated improvement plots from the cloud 
plots, and zipped all results into more easily manageable files. 

o ‐upload: This option instructed this tool to upload new results back to the project FTP 
site so that researchers could review their results. 
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o ‐automate: This option instructed this tool to endlessly cycle between downloading, 
processing, and uploading in order to provide a continuously available service to the 
researchers. 

Extension to Additional Materials 
All of the techniques described in this report are extensible to: 

 Textured materials: We made significant progress on applying these metrics to containers of 
glass and plastic beads before deciding as a group to exclude this material from assessment. 

 Mixed powders: We also initially explored applying these metrics to mixed powders which were 
eventually excluded from this project. 

 3D: We spent several months developing software tools and manually delineating ground truth 
object segmentation in 3D before the group decided that only 2D images were to be processed. 
Thus, we had to adapt our 3D methods to 2D in order to accommodate this change. 

Administrative Review 
Overall, we consider the project to be a success. From our interpretation, all researchers improved upon 
the XRec image reconstruction. Each group had pros and cons, and for the most part there was marked 
improvement. 

We had many challenges along the way. One notable issue was that it was very difficult to discern the 
difference between various objects as packed in each of the sample scans. Thus, we recommend using 
object shapes that are more easily recognizable in CT scans so that objects can be matched properly. We 
believe this issue has been resolved for T04. 

Findings and Conclusions 
In summary, we feel that all researchers developed improved reconstruction methods over XRec. Each 
of these methods warrant additional investigation, optimization, and improvement. In addition, we 
noted several interesting findings in our work: 

1. Standard deviation has a larger influence on segmentation than does object boundary definition 
(or contrast). This was counter‐intuitive to us since boundary crispness is rather important in our 
experience for object delineation. What seems to be happening is that the improved standard 
deviation allows segmentation methods to use smaller threshold windows when growing across 
an object. Thus, when the algorithm hits the object boundary, even though the boundary is 
worsened, the narrower threshold tolerance driving the algorithm still allows it to find the 
boundary. 

2. Consistent edge contrast results in consistent segmentations. This means that the more 
consistently a reconstruction method represents a material edge across a variety of scan 
scenarios, the more consistent segmentation results will be. The implication here is that 
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consistent segmentations will then yield more consistent results in ATR. Thus, reconstruction 
researchers should concentrate on representing object boundaries consistently in order to 
improve segmentation and ATR. 

3. Inconsistent boundaries can result in a single bad pixel. Meaning that in most cases, a single 
pixel that is poorly reconstructed can cause a segmentation algorithm to leak into neighboring 
objects. Irrespective of object size, this can cause segmentation to overestimate object size, thus 
raising false alarm rates in ATR. 

4. We initially treated stacked rubber sheets as separate objects. However, this introduced the 
object philosophy problem into our assessment. We have since modified our process to treat a 
stack sheets as a single object since the scanner resolution cannot adequately resolve the object 
interfaces. We have determine this is not a reconstruction problem ‐‐ it is in fact a resolution 
problem. Furthermore, if three stacked sheets of the same material are segmented as a single 
object, it is defendable that this should be delineated as a single object. Consider a simpler 
example of a stack of pieces of paper constituting a book or magazine. Individual pieces are no 
doubt individual objects. However, when sheets of paper are stacked together, scanner 
resolution cannot resolve the gaps in between the paper pieces, thus representing them as a 
single unit. In this case, there are no grounds for arguing that the pieces of paper pieces should 
be separate objects. The same rationale can be applied to stacked rubber sheets since scanner 
resolution makes it impossible to resolve interface boundaries. This argument changes, 
however, if thin sheets of differing material density are stacked together since the gap is no 
longer the boundary, it is represented by the gradient between materials. For example, it should 
be possible to separate a book cover from its pages ‐‐ we have achieved this in other work since 
the cover is often a different density than the pages. Furthermore, as the thickness of the gap in 
between sheets (not the sheet itself) increases to a resolvable thickness, it should be possible to 
separate.  

In conclusion, we feel that future reconstruction efforts should focus on improving standard deviation 
across objects while also improving boundary contrast. Optimizing both of these characteristics will no 
doubt improve segmentation, reduce cloud sizes in ATR classifiers, and reduce false alarm rates. 

Contact 
Please direct any questions relating to this assessment to David F. Wiley (wiley@stratovan.com) and Deb 
Ghosh (dghosh@stratovan.com). 
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Appendix XXXVI Review at ADSA08: Crawford

Reconstruction Project* Review 
Meeting at ADSA08

Version 1
October 24, 2012

*Also known as Task Order 3 (TO3) and reconstruction grand challenge

1

Format

• Meeting originally called for participants to 
discuss technical details, mainly use of 
projection data from medical CT scanner

• Realized that vendors and other interested 
parties would be at ADSA08

• Invited these people to participate tonight in 
order to get their feedback

• Bring them up to speed by first giving 
overview of the project

2
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Agenda

• Project review
• Technical discussions

– Medical CT scanner (Imatron)
– FBP progress
– Scanning spec
– Metrics
– Simulations
– Q + A

3

It’s Been a Long Day!!

• Use ADSA rules … real‐time discussions
• Keep atmosphere light

4

668

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXVI



Cluttered Cross Sections
 Artifacts types
 Shading
 Streaks 
 Noise
 Blurring
 Rings

Artifacts lead to
 Merging of objects
 Splitting of objects
 Imprecise density, 

volume, mass, shape
 Decreased PD
 Increased PFA

Images: top Imatron; bottom LLNL

Reduce Cluster Size

FBP Improved Recon

“Bare” 
Threat

Effects of Containers

Effects of Concealment

Mean Mean

Volume/Area Volume/Area

Non‐threats

Goal: improved PD/PFA. 

6
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Project Objectives

• Develop improved reconstruction algorithms, 
which may be deployed in the future, for CT‐
based explosive detection systems using scans 
of objects of interest on medical CT scanners
and using simulated data

• Purpose of this meeting is to, in part, to define 
the words in color in the previous bullet

7

Meeting Rules

• Please interrupt to ask questions
• High‐level introduction
• Crawford will follow‐up with one‐on‐one 
conversations 

8
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Success
• Develop improved reconstruction algorithms
• Define improved!
• Increased involvement of third parties (i.e., not 

incumbent vendors)
• Researchers receiving follow‐on funding from 

government and vendors
• It takes a village to improve national security

– Create RSNA equivalent for security
• Make DHS/TSA happy!
• Project tools (projections, images) into public domain
• Transitioning algorithms to commercial products

9

Reconstruction Algorithms

• Iterative, statistical, model‐based 
• Filtered back‐projection (FBP)
• Pre‐processing – sinogram processing, metal 
artifact removal

• Post‐processing – streak removal
• Dual energy – decomposition and integrated 
reconstruction

Develop algorithms with medical CT scans and simulated projections.
Expect to adapt work from other fields to reduce effort.

10
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Today's’ Security CT

• Many‐view (>100) scanners
• Helical, multi‐slice, 3rd generation is target = 
multi‐detector row CT (MDCT)

• However, test data may be 2D (more later)
– 3D for sheet objects

11

Explosives

• Sheets and bulks (non‐sheets)
• Homogeneous and heterogeneous (textured)
• Explosives may be contained (liquids) and artfully 

concealed 
• Explosives are present in luggage with various 

amounts of clutter, especially with various amounts of 
metal and other highly attenuating material

• Surrogates, known as objects of interest (OOI), will be 
used in this project

12

Different algorithms can be used for different types of threat and clutter.
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Systems

• TSA requires automated threat recognition 
(ATR) to detect explosives

• ATR tuned (matched filter) to CT
– Passing TSA requirement test is quite difficult
– Metrics are PD/PFA
– TSA does not use image quality metrics such as 
MTF, SSP, SNR, CNR

• Not concerned with humans resolving false 
alarms (OSR, OSARP)

13

Improved

• Goal – system (CT scanner, recon, ATR) with
– Increased PD
– Decreased PFA
– More explosives with lower mass

• Too difficult to retrain ATR and take TSA test 
for each new algorithm ($100k per iteration)

• Project task is to develop metrics based on 
– Scans of known objects
– Segmentation step of ATR

14
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Support Tasks
• Scan OOIs on a medical CT scanner and provide 
projection data

• Develop mathematical phantoms for explosives 
and luggage

• Develop simulation software
• Ground truth scans and simulations
• Define metrics for improved reconstruction 
• Implement simple/sample FBP
• Evaluate images from new reconstruction 
algorithms

15

Expect to adapt work from other fields to reduce effort.

Objects of Interest
• Types (will be assed with metrics)

– Liquids (mainly water)
– Rubber sheets
– TBD object with texture

• Information to be supplied for all objects
– Mass, density, dimensions, volume
– Container (if liquid)
– Scans in preferred and non‐preferred orientation, and without clutter
– Ground truth (label images)
– Objects to be clearly defined to avoid object philosophy issues seen in 

segmentation initiative

16

CT is weighing machine; does not detect explosives.
Water/rubber as good as explosives for this project.
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Medical Scanner
• Imatron scanner, model C‐300
• Differences from today’s security MDCT

– 5th generation – electron beam, single detector row, D‐scanning 
trajectory

– MTF: 1.6 mm FWHM 
– Non‐coplanar detector and anode rings; 0.6 degree cone angle
– No anti‐scatter plates
– Higher resolution, lower noise (may degrade)
– Scanner will be taught to researchers

• Limitations
– Single energy scanner – dual energy emulated with back‐to‐back scans
– 2D scans acquired instead of 3D scans
– Sheets in certain orientations will be contiguous slices

17

Scanning
• Have ~200 hours of scanning
• 10% will be reserved for future scanning
• Notional scan plan exists; needs updating in part based on 

inputs from performers
• All scans step‐and‐shoot
• Contiguous slides for some sheets
• Some datasets and documentation available today

– LLNL report and Matlab reconstruction code
– Scan plan for this project
– Scans of OOI in a radio (boom‐box)
– Details on accessing present data will be forthcoming
– Offline reconstruction from Imatron

18
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Simulations
• Goals

– Reduce dependency on using scanner 
– Develop common set of phantoms for comparing 
algorithms (ForBild?)

• Deliverables
– Phantom and content (non‐OOIs) descriptions
– Virtual packing software
– Simulation code and users manual

• Simulate: Imatron scanner including: finite apertures, 
quantum and electronic noise, beam hardening, 
scatter, etc.

• All material in the public domain

19

Metrics

• Present thoughts
– Use ground truth as a cookie cutter to extract 
pixels from the object of interests

– Use manually seeded region growing algorithm to 
extract voxels

• Calculate statistics: mean, variance, histogram, 
area (density, Zeff, mass)

• TBD: how to assess texture
• Working document to be distributed soon

20
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ALERT‐Furnished Information
• Medical scanner

– Scanner and reconstruction descriptions (model)
– Sample reconstruction code and user manual
– File formats
– Raw and corrected projections
– Images from vendor and from sample recon
– Ground truth
– Object description
– Packing description
– Sample forward projector (TBD)

• Simulations
– Corrected projections
– Images
– Simulation and packing code and user manual

• Scoring metrics
– Technical description
– Prototype software and user manual

21

Common Deliverables and Functions 
From Researchers

• Deliverables
– Presentation at symposium 
– Final report
– Monthly reports (couple of paragraphs)

• Functions
– Monthly telephone conferences

• Technical and programmatic issues
– Review documents

• Scan plan
• Acceptance criteria

– Collaborate with other researchers; this is not a competition
• Share code, knowledge and algorithms

22
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Miscellaneous
• IP: researchers own
• Publications: must be approved by ALERT so no 
SSI material present. Process=REAP

• Source code: release not required
• Projection data: available to people outside of 
project (NDA required)

• Computational expense: reduction out of scope; 
but need to report

• Data not separated onto training and test sets
• Researchers will not be ranked

23

Schedule – High Level

• 6/2012: Program funded
• 8/2012: Kickoff meeting
• 8/2012: Provide feedback on program and scan plans
• 9/2012: Metrics available
• 10/2012: Medical CT available
• 11/2012: Initial simulated data available
• 10/2013: Symposium in Boston and final reports due
• 11/2013: Final report delivered to DHS and program 

completion

24
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Researchers
• Iterative reconstruction

– Jens Gregor, University of Tennessee
– Synho Do, Massachusetts General Hospital
– Charlie Bouman, Purdue
– Ken Sauer, Notre Dame

• FBP
– Frederic Noo, University of Utah
– Larry Zheng, University of Utah

• Pre‐processing
– Patrick La Riviere, University of Chicago

• Post‐processing
– Seemeen Karimi, University of California, San Diego

• Dual/Multi Energy Reconstruction and Decomposition
– Clem Karl, Boston University
– Eric Miller, Tufts University

25
Collaboration (e.g., sharing of code and algorithms) is expected.

This is not a competition!

Support Functions
• Medical CT scanner

– Doug Boyd, Telesecurity Sciences
• Ground truth

– Rick Moore, Massachusetts General Hospital
• Phantoms and simulations

– Taly Gilat‐Schmidt, Marquette University
• FBP implementation

– Patrick La Riviere, University of Chicago
• Metrics for improved reconstruction

– Clem Karl, Boston University
• Algorithm evaluation

– David Wiley, Stratovan Corp.

26

People are task leads.
All team members are expected to participate.
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Technical Leadership

• Domain (subject matter) experts
– Carl Crawford, Csuptwo
– Harry Martz, Lawrence Livermore National Laboratory
– Clem Karl, Boston University

• All technical discussions with Crawford for near 
term
– Via phone and on‐site visits
– Let Carl know if you will be in Chicago area (e.g., 
RSNA)

27

Programmatic Leadership

• Michael Silevitch, Northeastern 
University/ALERT – co‐PI

• John Beaty, Northeastern University/ALERT –
co‐PI programmatic lead

• David Castanon, Boston University, technical 
lead for the explosives detection systems 
thrust within the overall ALERT program

28

Web site to be created to share information, code and data.
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Open Issues

• What to scan?
• What information is required by the performers?
• How/where evaluations will be performed?
• Format of projection and image data?
• Raw or corrected projection data?
• Make sure researchers do not develop similar 
algorithms.

• Environment: C, Matlab, Linux
• Multi‐energy scans: only 2 required

29

Next Steps For Researchers

• Review program documents and provide 
feedback, especially on scan plan

• Engage Carl Crawford in discussions about 
program and about deliverables

• Access initial documentation/data from 
Imatron

30
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Discussion

• Questions
• Comments
• Concerns
• Issues

31

BACKUP SLIDES

32
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Appendix XXXVII Review at ADSA08: Gilat-Schmidt

Update on Simulation Software 
Effort

Taly Gilat Schmidt
Marquette University

Goal of this Discussion

• Identify users
• Identify user needs and preferences
• Want to develop software and data that will 
be used

• Want to develop software that is easy for 
people to expand in the future
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Users

• Short term: TO3 Reconstruction Algorithm 
Developers

• Long term: General security community

Overall Plan
1. Release phantom definitions for 2‐3 bags
2. Release projection data for 2‐3 bags

– Generic Parallel Beam
– Generic Cone Beam
– Imatron
– 130 kV and 95 kV?
– Gold standard FBP reconstruction (Patrick)

3. Validate with experimental Imatron data
4. Release simulation code / Documentation 
5. Define more phantoms
6. Packing software?

684

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXVII



Simulated Effects

• Poisson noise
• Polyenergetic spectrum

– Beam hardening, metal artifacts

• Source aperture / Detector aperture
• Scatter

– Requires different simulation software
– Release data and instructions for code

Type of objects / ray tracing

• Define objects as combination of parametric 
primitive shapes

• Ray tracing calculated as analtycial
intersection between rays and shapes
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Simulation Software

Will be distributed in C or possibly C++

Inputs to Simulation Software

• Define scanner geometry
– Detector size, sampling, position, aperture
– Source position, focal spot size

• Define acquisition parameters
– Spectrum
– mAs/number of photons
– Scan volume
– Scan trajectory (helical, step and shoot)
– Number of Views
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Inputs to Simulation Software

• Define object
– Primitive shapes
– Material properties
– FORBILD notation

User preferences:  Macro files, command‐line arguments, 
hard coded defaults, GUI?  Not exclusive choice

Outputs of Simulation Software

• Projection images stored in binary format
• Header containing scan info

User preferences:  header, organization of views?

687

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXVII



Scatter

• Release data with scatter for specific bags
• Scatter generated with Monte Carlo 
simulation

• Release documentation and code, but not 
integrated with ray tracer

Packing Software

• Software to generate ‘random’ bags filled with 
defined phantom objects

• Feedback:  Very difficult, large effort
• Cost benefit?
• Potentially more useful alternatives:

– GUI for manually placing objects and generating 
phantom file?

– Instead spend time defining more objects and 
deterministic bags?
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Appendix XXXVIII Review at ADSA08: Wiley

P R O P R I E T A R Y  &  C O N F I D E N T I A L

T03 Metrics
Oct 23 2012

David F. Wiley
Stratovan Corp.

11/21/2013

Workshop

1

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Metric Premise

• Homogenous materials should yield a 
single intensity for all object voxels

• Boundaries may be affected due to 
resolution and smoothing

• Holds true for water, rubber sheet, mixture 
of beads, but not mixed powders.

11/21/2013

Workshop

2

689

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXVIII



P R O P R I E T A R Y  &  C O N F I D E N T I A L

RMS Metric

Where:
• N: number of voxels in object segmentation
• vi: intensity at voxel i
• ideal: water = 1000, rubber = 1400, etc.

-This takes into account std dev and peak offset.

11/21/2013

Workshop

3

N

videal
RMS

N

i
i 



2

2
)(

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Signal to Noise (SNR) Metric

Where:
• mean: of segmented voxel intensities
• std dev: of segmented voxel intensities

-This does not take into account peak offset.
-This can be a good indicator for:

“ease of segmentation”

11/21/2013

Workshop

4

stddev
meanSNR 
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P R O P R I E T A R Y  &  C O N F I D E N T I A L

Water Bottle
11/21/2013

Workshop

5

Ideal: 883.74
Mean: 887.69
Stddev: 14.43

SNR: 61.52
RMS: 15.09

Ideal: 1000
Mean: 887.69
Stddev: 14.43

SNR: 61.52
RMS: 112.74

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Water Bottle (A) w/clutter
11/21/2013

Workshop

6

Ideal: 1025.38
Mean: 1036.81
Stddev: 89.33

SNR: 11.61
RMS: 90.06

Ideal: 1000
Mean: 1036.81
Stddev: 89.33

SNR: 11.61
RMS: 96.63
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P R O P R I E T A R Y  &  C O N F I D E N T I A L

Water Bottle (B) w/clutter
11/21/2013

Workshop

7

Ideal: 978.73
Mean: 960.74
Stddev: 139.57

SNR: 6.88
RMS: 140.72

Ideal: 1000
Mean: 960.74
Stddev: 139.57

SNR: 6.88
RMS: 145.01

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Water Comparison

SNR RMS – 883.74 RMS ‐ 1000

Water (free) 61.52 15.09 112.74

Water A 11.61 177.22 96.63

Water B 6.88 159.40 145.01

11/21/2013

Workshop

8

Water (free) Water A Water B
Mean: 887.69
Stddev: 14.43

Mean: 1036.81
Stddev: 89.33

Mean: 960.74
Stddev: 139.57

To what value is water calibrated????
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P R O P R I E T A R Y  &  C O N F I D E N T I A L

Rubber Sheet
11/21/2013

Workshop

9

Ideal: 1427.44
Mean: 1348.88
Stddev: 182.83

SNR: 7.38
RMS: 198.97

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Bottles of Liquid w/clutter
11/21/2013

Workshop

10

Ideal: 1014.44
Mean: 1006.71
Stddev: 111.35

SNR: 9.04
RMS: 111.62

Ideal: 1051.23
Mean: 1053.66
Stddev: 76.12

SNR: 13.84
RMS: 76.15

A B
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P R O P R I E T A R Y  &  C O N F I D E N T I A L

Bottles of Liquid w/clutter
11/21/2013

Workshop

11

Ideal: 1014.44
Mean: 1006.71
Stddev: 111.35

SNR: 9.04
RMS: 111.62

Ideal: 1051.23
Mean: 1053.66
Stddev: 76.12

SNR: 13.84
RMS: 76.15

A B

P R O P R I E T A R Y  &  C O N F I D E N T I A L

Rubbing Alcohol
11/21/2013

Workshop

12

Ideal: 876.75
Mean: 863.47
Stddev: 92.81

SNR: 9.30
RMS: 93.75
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Appendix XXXIX Review at ADSA08: LaRiviere

Working with the Imatron data

Patrick La Riviere and Phillip Vargas
University of Chicago

System overview schematic
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3D Geometry overview
• Note that the detector ring and 

source ring are not in the plane, 
leading to slight obliqueness of 
the acquired data. 

• The obliqueness for the 1.5 mm 
slice data we have (also referred 
to as cone angle) is 0.3 degrees.  
– This “cone angle” is defined as the 

angle of the conical surface swept 
out by the central ray in the fan. 

– In 1.5 mm mode, it is determined 
by the collimator geometry not by 
the offset of source and detector.

• Such obliqueness is not modeled 
in current Imatron reconstruction 
software.

900mm

675 mm

864 detector channels over 216 degrees

475 mm

2588 source positions over 210 degrees

In plane geometry overview
• Source ring radius = 900.0 mm
• Detector ring radius = 675.0 

mm
• Reconstruction field of view = 

475.0 mm X 475.0 mm (but 
truly a 475.0 mm circle)

• Angular range of source ring = 
210 degrees

• Angular range of detector ring 
= 216 degrees

• Number of source 
positions = 2588
• Number of detector channels 

= 864

696

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXIX



• The detectors are arrayed 
APPROXIMATELY equiangular with 0.25 
degree separation (864*0.25 = 216).

• In reality, the detectors are NOT arrayed 
equiangularly on a circular ring but are 
on flat boards of 8 channels that are 
arrayed tangent to a circle.

• This is accounted for in later processing 
to generate the “Interpolated” 
sinogram as discussed later.

• But folks working with the “Linearized” 
sinogram in the native geometry 
discussed later may need to model that 
geometry more precisely.

• The detailed detector channel 
coordinates are apparently included in 
the header files but we have not 
attempted to access them.

864 detector channels over 216 degrees

2588 source positions over 210 degrees

Detailed detector ring geometry

Note: figure not 
to scale: there 
are many more 
detector boards 
than shown 
here. 

• The source sweeps along 
the source ring, pulsing 
2588 times. 

• Both source and detector 
are collimated.

• Because of this, for any 
source position, only one 
third of detector channels 
are illuminated (288), 
spanning ~72 degrees.

• This is how data are 
natively acquired.

Data acquisition: Source fan view

Source position

288 active detector 
channels 

72 deg.

30.5795 deg.
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• The data are not stored in the 
native acquisition geometry, 
but rather in a detector fan 
view.

• Any detector channel sees one 
third of source positions 
(2599/3=864) spanning 
approximately 40 degrees 
(actual value 41.26696016).

• The data are thus stored and 
presented in detector fan 
sinograms of dimensions 864 X 
864.

Data storage: Detector fan view

Sinogram
• Sinograms have the usual presentation of 

view angles on the vertical and bins on the 
horizontal.

• But the physical meaning of these is the 
reverse of third‐generation CT. The effective 
3G fanbeam sources (on the vertical) are 
the physical detector channels and the 
effective 3G fanbeam detector channels are 
the physical source positions. 

• Note that raw detector fan views are not 
equiangular in the fanbeam channel 
direction with respect to the effective 3G 
fanbeam sources. The fanbeam channels, 
which correspond to physical source 
positions, are natively equiangular with 
respect to the isocenter.

• One preprocessing step does equiangular 
rebinning but those working with native 
geometry need to be aware of this. 
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A note on helical acquisition
• The data we are working with was acquired in a  helical mode with a nominal pitch of 1, i.e., the 

effective beam z collimation at isocenter was 1.5 mm and the table translation during beam sweep 
corresponding to acquisition of one slice was 1.5 mm. 

• In reality the beam sweep involves some time spent acquiring data and some dead time during 
retrace. According to Tip:

– Total sweep time = 116.16 ms (time between start of each slice)
– Data Acq time = 103.920 ms (time DAS is acquiring data)
– Retrace time = 12.240 ms (dead time when no data is collected but table is moving)
– Z Motion during Sweep = 1.5 mm
– Z Motion during Acq = 1.341942148760 mm
– Z Motion during Retrace = 0.158057851240 mm

• This means that the effective pitch during actual acquisition time is more like 1.34/1.5 = 0.89.
• And there is effectively a “gap” of 0.16 mm between slices. 
• In practice, Imatron does not correct for helical motion. Since Parker weights are used anyways during 

rebinning of short scan data, the most temporally extreme samples are downweighted anyhow, which 
may suppress helical artifacts. 

• A final note from Tip: In a corner filled sinogram we interpolate an additional 24 detector views 
making the effective acquisition time 106.81 ms. Not that this should make a geometric difference, 
but the fact should not be lost.

A quick overview of the processing 
chain

• The xrec software provided processes the sinogram through 
many stages of correction and rebinning. 

• A flow chart is provided in the next slide.  
– Basically, after first making some calculations needed for scatter 

correction, it reorganizes raw DAS output into the sinogram format 
described previously. It then applies a DAS offset correction and a 
scatter correction.

– The data is logged and normalized by the logged air scan.
– A correction is applied for a “gap” in the source ring that causes 

predictable x‐ray fluctuations (relatively minor for the acquisiton mode 
used for ALERT T03).

– Then a polynomial beam hardening (linearization) correction is applied.  
This yields to so‐called LINEARIZED sinogram. 

• This is the rawest sinogram anyone is likely to be able to work with  and will be 
discussed further on a later slide. 

• Note that the sinogram has been expanded to 888 rows but the 24 extra views 
are zero at this point. They will be filled during interpolation and corner filling.
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Processing chain part 2
• After linearization, the data is interpolated so that it corresponds 

to equiangular third‐generation fanbeam data. This is the so‐
called INTERPOLATED sinogram.

• A bad detector correction is applied. The sinogram is still missing 
some data in top left and bottom right corners. 
– These are filled through a combination of interpolation/extrapolation 

and the sinogram expanded to 888 views spanning 222 degrees, which 
represents PI + fan angle for a ~42 degree fan angle. 

• This yields a CORNER FILLED sinogram.
– THIS IS A GOOD SINOGRAM TO WORK WITH since it has all the Imatron‐

specific corrections applied.
• The data is then smoothed to eliminate photon starvation 

artifacts, multiplied by Parker weights and rebinned to parallel 
coordinates, yielding the REBINNED sinogram. This is a parallel‐
beam sinogram of 720 views by 1024channels. 

Rebin
Data

Con‐
volved
Views

FFT 
View
s

Fourier 
Image

Center
Normal 
Image
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Extracting and Reading Sinograms
from xrec.exe

• ‐sino lin; Floating point data 864x888LINEARIZEDLINEARIZED

• ‐sino int; Floating point data 864x888INTERPOLATEDINTERPOLATED

• ‐sino cfl; Floating point data 864x888CORNER FILLEDCORNER FILLED

• ‐sp; Floating point data 1024x720REBINNEDREBINNED

NOTE: the flag to output the rebinned parallel sino flag is just –sp not –sino sp.  

Geometry – Linearized sinogram
• Sinogram dimensions=864X888 but 12 

first and 12 last views are zero.
• Fanbeam origins correspond to 

physical detector channels. 
Approximately equiangular (0.25 
degrees) on blue arc. Real positions 
are apparently encoded in header file.

• Fanbeam channels correspond to 
physical source positions and are 
equiangular (with respect to isocenter) 
along red arc with spacing 210/2588 
degrees (for the central 864 non‐zero 
views)

• Note that there is also out‐of‐plane 
obliqueness as defined in a previous 
slide.

• We probably need to work collectively 
to really nail down x,y,z positions for all 
source‐detector positions if this 
sinogram is of interest.
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Geometry – Corner filled sinogram
• Focal length= 675.0 mm or 674.5 mm 

(the latter accounts for true event center 
in detector being 0.5 mm in front of 
photodiode)

• Number of true projection views= 864
• Number of effective projection views = 

888 (augmented during corner filling) 
• Angular range of 888 views is 222, which 

is Pi + fan angle
• Angular increment 0.25 degrees
• Fan angle = 41.26696016°
• Angle between fan channels= 

0.0478180°
• Number of fan channels= 864 
• Field of view at the isocenter = 475.0 

mm
• Note that there is also out‐of‐plane 

obliqueness as defined in a previous 
slide.

Geometry – Interpolated sinogram
• The geometry of the 

interpolated sinogram will 
be the same as that of the 
corner filled sinogram. 
They differ only in the fact 
that the interpolated 
sinogram is missing data 
in the top left and bottom 
right corners. So it is not 
ideal for analytic recon 
but may be fine for 
iterative.
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A note on the equiangular geometry 
• From scanner_config.h, FAN_ANGLE_100 = 41.26696016 is the fan angle 

for the data we have been given. The angle between detector channels 
in the equiangular rebinned sinogram is also specified in the config file. It 
is defined mathematically as 

ANG_BET_SMPL_100 = (FAN_ANGLE_100 / (N_INTERP_100 ‐ 1))
and then hardwired as

#define ANG_BET_SMPL_100 0.0478180, 
which comes out to the same thing for N_INTERP_100 = 864.

• Note that the presence of (N_INTERP_100 ‐ 1) in the denominator of 
ANG_BET_SMPL_100 rather than just N_INTERP_100 implies that
FAN_ANGLE_100 is defined as the angle between the center of the first 
and last fanbeam bins, as opposed to being the angle between the outer
edges of those bins. 

Geometry – Parallel rebinned
sinogram

• Sinogram dimensions = 
1024X 720

• Number of projection 
views= 720

• Angular range = 180 
degrees

• Number of parallel rays = 
1024

• Spacing of parallel rays = 
475/1024 mm = 0.463867 
mm
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How to install xrec.

• Run RCP Field Service Tools (Windows only)
– Installs the following Imatron software:

• xrec – Command line program that outputs sinograms at certain 
points in the preprocessing flowchart or reconstructed images  
(recommended)

• Winxrec – GUI version of xrec (Unstable – not recommended)
• aView – GUI to view images
• sView – GUI to view sinograms
• fView – GUI to view header information

How we work with xrec.

• Run cmd
• Navigate to xrec

– cd “C:\Program Files (x86)\Imatron RCP”

• Execute xrec to export a sinogram
• xrec.exe ‐filein "I:\Data\RCP‐003749.scan" ‐min 133 ‐max 133 ‐sino clp ‐o "I:\Data\clp\clp‐050.sin" 

• Execute xrec to export a dicom image
• xrec.exe ‐filein "I:\Data\RCP‐003749.scan" ‐min 133 ‐max 133 ‐dicomout "I:\Data\DCM\img‐050" 

Program         Input data flag and location               z‐slice        sinogram type  output flag and file 

Program         Input data flag and location               z‐slice             dicom flag             output file 

The need to change directories is because on 64‐bit machines, the program does 
not install in the directory it expects to be in.  Per Doug Boyd, you might also be 
able to just move the program where it expects to be.

704

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XXXIX



Working with xrec cont. 

• Each sinogram you generate requires a line, 
including for each slice of a multi‐slice scan.

• You need to make a batchfile to do this (helps to 
use Excel to produce replicate numbers).

• An example of such a batchfile is included in the 
documentation provided by Imatron.

Sinograms we are providing
• We are uploading Imatron reconstructed images 

(DiCOM) and the four key sinograms (binary) discussed 
above for three different scanned objects: multipin
phantom, resolution phantom (two different slices), 
and luggage.

• The sinograms (with tags used in filenames) are
– Linearized (lin)
– Interpolated (int)
– Corner filled (cfl)
– Rebinned (sp)

• Also included are text files produced by xrec with some 
header info.
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Basics of Imatron recon
• Parallel rebinning from fan sinogram

– One‐dimensional cubic interpolation in columns
– Apply weights

• “Optimal Short‐Scan Convolution Reconstruction for Fan Beam CT” Dennis 
Parker, Med Phys

– One‐Dimension cubic interpolation in rows
• Gridding reconstruction

– J.D. O’Sullivan, “A Fast Sinc Function Gridding Algorithm for Fourier  
Inversion in Computed Tomography”, IEEE Trans on Medical Imaging, 
vol. MI‐4, no. 4, pp 200‐207, December, 1985

– J. Jackson, C. Meyer, D. Mishimura, A. Macovski, “Selection of a 
Convolution Function for Fourier Inversion Using Gridding”, IEEE Trans 
on Medical Imaging, vol. MI‐10, n.3 pp 473‐478

– M. Tabei,  M. Ueda, “Backprojection by Upsampled Fourier Series 
Expansion and Interpolated FFT”, IEEE trans on Image Proc., vol. 1. No. 
1, pp 77‐87

Imatron kernel options
• Convolved Projections

– 0 Straight Ram‐Lak kernel
– 1 Normal: Butterworth 830, .93, 1020, .00028
– 2  Reserved
– 3 Head 1: Blackmann .01633, .3266, .9x
– 4 Head 2: Blackmann .02768, .3266, .8305x
– 5 Head smooth: Hanning .01633, .3266, .9x
– 6 Sharp: Difference of Gaussian .5, 3, 1, ‐1
– 7 Very sharp: 3‐pt ‐1,3
– 8 Smooth: Hanning 0 1024
– 9 Special: 3‐pt ‐2,5 then scaled by .5
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Version history

• Version 1: Presented at ADSA08 T03 meeting
• Version 2: Circulated to CC and KC for 
comment
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Appendix XL  Scanning: Data Requirements

Data Requirements for TO3 
 

Parameter  Requirement  Comments 
Total number of scans  40   
Control of mA and kV  yes   
Addition or removal of  external 
filtration 

If possible   

Removal of bowtie filter  If possible and if present   
Acquisition modes  1. Helical and step‐and‐shoot 

2. Single detector row 
sufficient 

3. Spatially and rotationally 
registered for step‐and‐
shoot scanning to emulate 
dual energy scanning 

 

Corrected data  Only apply following steps: 
1. Air 
2. Offset 
3. Underflow clamping 
4. Logarithm 
5. Bad detector 
6. Missing view 

 

Raw data directly from DAS  If possible   
Raw or corrected data for 
images used in segmentation 
initiative  

If possible   

Who controls what is scanned?  ALERT  Vendor does not control what is 
scanned. 

Who controls how scans are 
taken? 

ALERT  Vendor does not control how 
scans are taken. 

Who controls who can use the 
data (projections and meta 
data)? 

ALERT  Vendor does not control who 
can use the data (projections 
and meta data). 

Who is charge of reviewing 
manuscripts before publication? 

ALERT  Vendor does not have right to 
review publications.   Vendor can 
provide standard language for 
describing the scanner and 
acknowledging the vendor. 

Vendor preferential access to 
results 

No  Vendor will not be given right to 
see results before anyone else. 

Who controls how data is 
distributed?  

ALERT  Vendor does not control how 
data is distributed. Distribution 
means for example on the 
internet or with passwords. 
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Parameter  Requirement  Comments 
Vendor supplied documentation 
and code to consume the data 

1. Scanner description  
2. File decoders 
3. Offline reconstruction if 

possible 
4. Description of 

reconstruction and 
calibration if possible 

5. Image quality metrics such 
as MTF, SSP, and quantum 
noise 

6. Corrected data 
measurements such as mean 
and variance of offsets and 
air 

 

Vendor supplied reconstructions 
(images) for all scans 

Yes   

Vendor supplies representative 
to discuss scanner 

Yes   

Who can talk to the vendor 
representative? 

1. Domain experts 
2. ALERT management 
3. Researchers in presence of 

domain experts 

 

Scanner operator (person) 
supplied by vendor 

Yes or user’s manual supplied   

Supplier of objects to be scanned  ALERT    
Scanner resolution  < 1 mm, isotropic   
Retrospective resolution and 
noise adjustment to match 
security scanners 

Will be performed by ALERT  ALERT may choose to blur the 
projection data or add noise to 
match the resolution and noise 
of security scanners. 
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Appendix XLI  Scanning: Lessons Learned

Lessons	Learned	from	Collecting	Data	for	
the	Reconstruction	and	ATR	Projects	
Synopsis	
The purpose of this document is to document the lessons learned when collecting data for the 
reconstruction project (Task Order 3) and the ATR project (Task Order 4). The data were collected on the 
Imatron medical CT scanner located near the San Francisco airport at the Heartscan medical clinic. The 
points noted herein should be addressed when data is collected in the future.  

Lessons	Learned	
1. With respect to specifying what has to be done during data collection: 

a. A lexicon should be created for all aspects of data collection including target preparation, 
packing, scanning, data archiving and retrospective reconstruction.  

b. Standard operating procedures (SOP) should be developed for making specimens (e.g., 
saline), containing targets, packing bags, scanning, data archiving and retrospective 
reconstruction. 

2. With respect to data recording: 
a. Using a slice serial number (SSN) is a good idea for each scan. This leads to common and 

sequential naming convention for raw data, corrected data and images. 
b. Templates for all spreadsheets should be created in advance. 
c. The fields and their contents should be specified in writing. 
d. The blog was a good idea; however, additional personnel are required to record sufficient 

detail. 
e. Consider taping to the wall each day a list of objects to be scanned along with goals for 

packing and in particular clutter. 
3. With respect to the object spreadsheet: 

a. All objects (targets and non‐targets) should be entered in advance of scanning. The only 
exceptions are materials that are made on site (e.g., saline and concealed/contained 
objects). 

b. Separate sheets should be used for source materials (e.g., big blocks of clay, rubber sheets 
or containers of saline), specimens, and non‐targets. 

c. Agree on units (e.g., mm or cm) for all fields. 
4. With respect to labels: 

a. Different colors should be used for different types of objects (target, non‐target, pseudo 
target, and specimen).  

b. A computerized label maker should be used instead of handwriting labels. 
c. Labels with numbers should be printed in advance. 
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d. Consider using bar codes to label objects and a bar code reader to verify that the proper 
objects are packed in a bag. Software may have to be written to transfer the output of the 
bar code reader to spreadsheets. The bar codes should be a supplement to human‐readable 
labels. 

e. Mark the preferred axis of an object on the object. 
f. The SSN should be shown in all pictures of packed bins. 

5. With respect to the Imatron scanner itself: 
a. Figure out a way to eliminate on‐line reconstruction, which limited the bag scanning rate to 

half of the predicted rate of approximately ten bags/hour. 
b. A better metric than bags/hour is number of helical scans protocols/hour. 
c. Determine how to connect a Windows 7 computer to the reconstruction computer so that 

projection data and images can be transferred from the scanner without the use of on 
intermediate computer. 

6. With respect to scanning on the Imatron scanner: 
a. Investigate other scanning protocols that would allow scanning longer bags during one 

helical scan operation. However, changing protocols may render previously collected data 
useless.  

b. Drop the reconstruction dependencies.  The Imatron recon is a useful QC tool, but delays 
each scan and requires large data space.  This limits the bag scanning rate and raises the 
changes of data transfer/management errors 

c. Scanning portions of a bag/bin can be done when it is known that nothing relevant is 
contained in the end a bag/bin. 

d. Keep the bags aligned with the table top (i.e., do not flip, twist and rotate) so that the 
packing locations represent where objects are in the images. 

7. With respect to packing bags: 
a. Clear bins are useful in order to see the contents in the bin. 
b. Simulate real bags with bins by adding two aluminum bars and a couple of wheels to the 

interior of the bins. 
c. Consider the cost/benefit of real bags. Typical luggage was too long and sometimes too wide 

to be scanned on the Imatron CT scanner.  
d. The contents and locations of objects should be specified in advance. 
e. A person should check that the correct objects are placed in the bag, in the proper location 

and in the proper orientation. This means at least two people are responsible for packing 
versus the one person that was used. 

f. The number of targets per bag should be an average, not absolute per bag. 
8. With respect to targets: 

a. Consider the cost/benefit of pseudo targets; their use increases the complexity logging the 
scanning activity and complicates the scoring of the results of an ATR,. 

b. Make sheets and one bulk the same material to eliminate the question of when does a 
sheet become a bulk. 

9. With respect to personnel supporting the scanning: 
a. More people would be helpful, especially for verification of samples and data recording. 
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b. The tool developer and at least one ATR developer should be present to witness scanning 
and to make sure that sufficient information about the scans is recorded. 

c. Two training sessions should be conducted before most of the bags are scanned: one 
without the scanner (i.e., a virtual dry run) and one with the scanner, but only scan 
approximately ten bags (i.e., a real dry run). 

d. Agree on roles and responsibilities of all personnel. 
e. Switch roles during the scanning to understand the needs of all personnel. 

10. With respect to the scanning site (medical clinic): 
a. Arrive a day in advance to: 

i. Prepare all liquids 
ii. Sort out and label all objects. 
iii. Perform a dry run with the scanner. 
iv. Prearrange data extraction to demonstrate data can be extracted from the scanner, 

and rectify exraction issues ahead of the actual visit. 
v. Arrange for work surfaces (tables). 

b. When departing: 
i. Make arrangements to ship all scanning items back to ALERT. 
ii. Restore space to state it was in before arrival. 

11. With respect to tools used as part of data collection. 
a. To the degree possible, preprint labels.  This avoids duplication, and permits accounting for 

pre‐determined blocks of numbers 
b. Bring multiples of the following items so that their use does not get into the critical path: 

cameras, pens, scales and labels. 
c. Bring a portable printer so that updated SOPs can be provided to personnel. 
d. Bring a portable scanner or iPhone camera so that related documents can be archived 

before they are lost. 
12. With respect to offline reconstruction of the data. 

a. Make sure that sufficient people are available to perform this task. 
b. Tasks also include  

i. compensating for overlap between helical protocols 
ii. Renaming files 
iii. Writing scripts to drive xrec 
iv. Finding bounding boxes of targets. The bounding boxes should be created onsite so 

that the locations of the objects are fresh in the minds of the people who packed 
the bags. 

v. Verifying the contents of databases (spreadsheets) 
13. Miscellaneous: 

a. Review best practices in other related fields. For example, review practices used for DNDO 
data collection. 

b. Figure out a way to avoid the object philosophy issue. In TO3, N rubber sheets were stacked 
leading to a question of whether the stack was one object or N objects? In TO4, is a rubber 
mallet a target? 
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c. All data (projection, images and spreadsheets) should be consumed (used) earlier in the 
project. If possible, sample tools (ATR, reconstruction) should be available at the time that 
data are acquired. 
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Appendix XLII Scanning: Slice Selection
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Appendix XLIII Scanning: Scanning Specification

Scanning	Requirement	Specification	for	
the	ALERT	Reconstruction	Initiative	
(Task	Order	3)	
Version 8 
 

 
 

August 8, 2013
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1 Introduction	
1.1 Purpose	
A  specificationis providedfor scanning objects on a CT scanner to support ALERT’s Reconstruction 
Initiative, which is also known as Task Order 3 (TO3). The purpose of TO3 is to develop advanced 
reconstruction algorithms for CT‐based explosive detection equipment. 

1.2 Scope	
Guidelines are provided to achieve the following purposes. 

1. Identify CT scanners that can be used to perform the scanning described herein. 
2. Negotiate with providers of said CT scanners to determine the cost of scanning and to 

determine recommended scanning technique. 
3. Obtain feedback from the stakeholders in this project to determine what objects should be 

scanned and how they should be scanned. 
4. Procuring objects to be scanned. 
5. Packing objects. 
6. Scanning objects. 
7. Distributing the results of scanning. 
8. Documenting scans 

1.3 Strategy	
This specification was originally written to help choose a provider of a CT scanner has been chosen and 
to provide a notional scan plan. The specification was revised after the Imatron C‐300 was chosen as the 
scanner and after some preliminary scans were performed.  

1.4 Acronyms	
2D  Two‐dimensional. This is a synonym for step‐and‐shoot scanning. 
3D  Three‐dimensional. Thus is a synonym for helical and volumetric scanning. 
ADSA  Algorithm Development for Security Applications 
ADSA01  First ADSA workshop on the check‐point application 
ADSA02  Second ADSA workshop on the grand challenge for CT segmentation 
ADSA04  Fourth ADSA workshop on advanced reconstruction algorithms for CT‐based EDS 
ADSA07  Seventh ADSA workshop on accelerating development and deployment of  

advanced reconstruction algorithms for CT‐based EDS 
ADSA08  Eighth  ADSA workshop on the development of automated explosive recognition 

algorithms for CT‐based EDS 
ADSA09  Ninth ADSA workshop on new methods for providing signatures for detecting 

explosives 
ALERT  Awareness and Localization of Objects‐Related Threats,  

A Department of Homeland Security Center of Excellence at NEU 
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ATR  Automated threat recognition 
CH  Clutter, high 
CL  Clutter, low 
CLxx  Container, liquid, number xx 
CM  Clutter, medium 
COE  Center of excellence, a DHS designation 
CS  Compressed (compressive) sensing 
CT  Computerized tomography 
DAS  Data acquisition system 
DE  Domain expert. DE is a synonym for SME. 
DECT  Dual‐energy CT. DECT may be achieved using back‐to‐back scans using different 

x‐ray spectra. 
DHS  Department of Homeland Security 
EDS  Explosives detection system. An EDS is composed of a CT scanner, an ATR 

algorithm, and a baggage viewing workstation. 
FA  False alarm 
FBP  Filtered back‐projection 
FOV  Field of view 
HME  Homemade explosive 
ID  Identification [code] 
IQ  Image quality 
IRT  Iterative reconstruction technique 
LAC  Linear attenuation coefficient 
LLNL  Lawrence Livermore National Laboratory 
MECT  Multi‐energy CT 
MTF  Modulation transfer function 
NEU  Northeastern University 
NIST  National Institute of Standards and Technology 
OOI  Object of interest.  
Oxx  Object of interest number xx 
PD  Probability of detection 
PFA  Probability of false alarm 
PI  Principal investigator. A PI is a synonym for researcher. 
Pxx  Phantom number xx 
RI  Reconstruction initiative 
ROI  Region of interest 
SIRT  Simultaneous image reconstruction technique 
SME  Subject matter expert. A SME is a synonym for domain expert 
SME  Subject matter expert 
SOW  Statement of work 
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SSI  Sensitive security information 
SSP  Slice sensitivity profile 
SSxx  Solid shape, number xx 
TBD  To be determined 
TSA  Transportation Security Administration 
TV  Total variation 
Zeff  Effective atomic number 
 

1.5 Definitions	
Algorithm  The mathematical steps (or recipe) used to perform a defined problem. This 

definition does not include computer code. 
Artifacts  Defects in images such as blurring, streaks, cupping, dishing and noise 
Clutter objects  Objects inserted near OOIs to cause CT artifacts to corrupt the images of OOIs 
Configuration  A set of OOIs, clutter objects and packing material. Multiple configurations 

may be contained in one container and scanned at the same time. 
Container  Objects to contain objects. 
Corrected data  Raw data (projections) after being corrected for scanner and object 

imperfections, and the logarithm taken. 
Correction  A synonym for pre‐processing. 
Decomposition  Process of using multiple projection sets or images obtained with different x‐

ray spectra to develop multiple variables for ATR. 
Incumbent vendor  A company developing EDS equipment. The equipment may or may not be 

deployed in the airports in the United States. The list of incumbent vendors 
includes L‐3 Communications, Reveal Detection, Morpho Detection, Analogic, 
Rapiscan and SureScan. 

Inversion  The reconstruction step converting corrected data to reconstructed images. 
Inversion may be FBP or iterative reconstruction. 

Object of interest  Objects that will be evaluated for accuracy of features 
Objects  Items that are scanned. The objects include OOIs, phantoms to assess IQ and 

to calibration DECT, objects to provide clutter, packing material and 
containers to convey objects into the scanner. 

Packing material  Filler material to support the packing of various types of objects 
Phantoms  A numerical description of the contents of a bag. Or, a physical piece of 

luggage containing known geometric shapes. 
Post‐processing  Image processing that takes place on reconstructed images after the inversion 

step of reconstruction 
Pre‐processing  The reconstruction step converting raw data to corrected data. 
Projection data  Collections of line‐integrals of objects. 
Raw data  Projection data directly from the x‐ray sensor or DAS. 
Reconstruction  Generation of images from raw data. Reconstruction includes the steps of 

pre‐processing, inversion and post‐processing. The resulting images are 
denoted reconstructed images. 

Researcher  A performer for tasks described in TO3. A PI is a synonym.  
Sinogram data  A synonym for projection data. 
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Task order  A type of funding vehicle that DHS uses for fund performers. 
Third‐party  A person or group not working for an incumbent vendor. A third‐party works 

in academia or in industry other than the incumbent vendors 
 

1.6 Requirement	Levels	
Shall    The word shall denotes what is required. 
Should    The word should denotes what is desirable but not required. 
May    The word may denotes allowable but not required behavior. 

1.7 References	
[NIST] IEEE P<designation>™/D<draft_number> Draft Standard for Evaluating the Image Quality of X‐ray 
Computed Tomography (CT) Security‐Screening Systems. 
 
[TO3‐SOW] Task Order 3 Statement of Work. 

1.8 Assumptions	

1.8.1 Organization	
The purposes of this document have evolved over time. Multiple people have revised this document. 
Therefore, the document may have some organizational issues. Recommendations for easy fixes are 
welcomed.  

2 Background	
Research will be performed in TO3 to improve CT‐based object detection equipment by improving image 
quality using advanced reconstruction algorithms to reduce artifacts that may reduce the effectiveness 
of automated threat recognition algorithms. The specific reconstruction algorithms that will be 
addressed are as follows. 

 Iterative reconstruction techniques (IRT) using methods such as compressed sensing (CS), total 
variation (TV) and simultaneous image reconstruction technique (SIRT) 

 Pre‐processing of projection data 
 Post‐processing of images 
 Improved filtered back‐projection (FBP) 
 Decomposition and reconstruction of dual‐ and multi‐energy projection data 

The basis for this task order was discussed at ADSA01, ADSA02, ADSA04 and ADSA07. 

The research will be performed, in part, using CT scans of objects that could be found in luggage. This 
specification will be revised based on feedback from the following stakeholders. 

1. Researchers 
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2. SMEs 
3. Program management 
4. Incumbent security vendors 

The following type of objects will be scanned. 

1. Objects of interest (OOI):  The reconstructions of these objects will be evaluated to accuracy of 
features including: density (uniformity and texture), mass, volume and dimensions. 

2. Clutter objects: Objects inserted near OOIs to cause CT artifacts to corrupt the images of OOIs.  
3. Packing material: Filler material to support the packing of various types of objects 
4. Containers: Objects to contain objects of interest. 
5. Phantoms: Objects designed to assess IQ, calibrate DECT and debug reconstruction algorithms. 

3 Scanner	Requirements1	
The scanner and the provider of the scanner shall satisfy the following requirements. 
 

Parameter  Requirement  Comments 
Total number of scans  ~40   
Control of mA and kV  yes   
Addition or removal of  external 
filtration 

If possible   

Removal of bowtie filter  If possible and if present   
Acquisition modes  1. Helical (3D) and step‐and‐

shoot (2D) 
2. Single detector row 

sufficient 
3. Spatially and rotationally 

registered for step‐and‐
shoot scanning to emulate 
dual energy scanning 

 

Corrected data  Only apply following steps: 
1. Air 
2. Offset 
3. Underflow clamping 
4. Logarithm 
5. Bad detector 
6. Missing view 

 

Raw data directly from DAS  If possible   
Raw or corrected data for 
images used in segmentation 
initiative  

If possible   

                                                            
1 This section was written during the process of choosing a CT scanner for TO3. See below for specifics in the scan 
protocol chosen for the Imatron C‐300. 
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Parameter  Requirement  Comments 
Who controls what is scanned?  ALERT  Vendor does not control what is 

scanned. 
Who controls how scans are 
taken? 

ALERT  Vendor does not control how 
scans are taken. 

Who controls who can use the 
data (projections and meta 
data)? 

ALERT  Vendor does not control who 
can use the data (projections 
and meta data). 

Who is charge of reviewing 
manuscripts before publication? 

ALERT  Vendor does not have right to 
review publications.   Vendor can 
provide standard language for 
describing the scanner and 
acknowledging the vendor. 

Vendor preferential access to 
results 

No  Vendor will not be given right to 
see results before anyone else. 

Who controls how data is 
distributed?  

ALERT  Vendor does not control how 
data is distributed. Distribution 
means for example on the 
internet or with passwords. 

Vendor supplied documentation 
and code to consume the data 

1. Scanner description  
2. File decoders 
3. Offline reconstruction if 

possible 
4. Description of 

reconstruction and 
calibration if possible 

5. Image quality metrics such 
as MTF, SSP, and quantum 
noise 

6. Corrected data 
measurements such as mean 
and variance of offsets and 
air 

 

Vendor supplied reconstructions 
(images) for all scans 

Yes   

Vendor supplies representative 
to discuss scanner 

Yes   

Who can talk to the vendor 
representative? 

1. SME 
2. ALERT management 
3. Researchers in presence SME

 

Scanner operator (person) 
supplied by vendor 

Yes    

Supplier of objects to be scanned  TBD   
Scanner resolution  < 1 mm, isotropic   
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Parameter  Requirement  Comments 
Retrospective resolution and 
noise adjustment to match 
security scanners 

May be performed by ALERT  ALERT may choose to blur the 
projection data or add noise to 
match the resolution and noise 
of security scanners. 

4 General	Requirements	
4.1 Tolerances	
Tolerances for requirements listed below shall be as follows. 

1. Mass: ±2% 
2. Linear dimension: ±2% 
3. Volume: ±2% 
4. Density: ±2% 
5. Zeff: ±2% 

4.2 Axes	for	CT	scanner	
The following axes shall be used for the CT‐scanner 

1. x: horizontal axis of axial slice 
2. y: vertical axis of axial slice 
3. z: parallel to direction of table movement for helical scans 

4.3 Preferred	Axes	for	Objects	
1. Cylinders: axis of rotation 
2. Sheets: Perpendicular to largest cross‐section 
3. Cuboids: Longest dimension 

4.4 Object	Preservation	
1. All objects scanned for TO3 shall be retained for at least three years in case future research 

researchers want to scan the objects on other scanners. 
2. Extra materials and objects shall be procured so that additional shapes and volumes can be 

created at a later date. 

5 Object	Requirements	
The types of objects are as follows. 

1. Object of interest (OOI) 
2. Phantom 
3. Clutter 

Note the following notations:  
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*  Material cut to meet dimensional specifications 
ª  Material assembled to meet dimensional specifications 
º  Material only available in‐store (no online information) 

5.1 Object	of	Interest	
The following objects of interest (OOI) shall be used to evaluate new reconstruction methods. Note that 
liquids (Distilled Water and Doped Water) are contained and identified according toCLxx IDs, as listed in 
Section 6.1.  

5.1.1 Object	O01	–	Distilled	Water	
 Material: Distilled Water 
 Source: Wal‐Mart 
 Container: Section 5.1.1.x 
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5.1.1.1 CL01	‐	Plastic	Bottle:	8	fl.	oz.	(ID:	0001)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐03) 

 

5.1.1.2 CL02	‐	Plastic	Bottle:	16	fl.	oz.	(ID:	0002)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐04) 
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5.1.1.3 CL03	‐	Plastic	Bottle:	32	fl.	oz.	(ID:	0003)	
 Source (Part #): McMaster‐Carr (4218T46) 

 

5.1.1.4 CL04	‐	Plastic	Bottle:	64	fl.	oz.	(ID:	0004)	
 Source (Part #): McMaster‐Carr (4216T1) 
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5.1.1.5 CL05	‐	Metal	Bottle:	16	fl.	oz.	(ID:	0005)	
 Source (Part #): McMaster‐Carr (4084T77) 

 

5.1.1.6 CL06	‐	Glass	Bottle:	16	fl.	oz.	(ID:	0006)	
 Source (Part #): McMaster‐Carr (5782T65) 
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5.1.2 Object	O02	–	Doped	Water	
 Material: Distilled Water + Salt (Dopant) 
 Source: Wal‐Mart 
 Container: Section 5.1.2.x 
 Density: 1.05 g/cc 
 Zeff: 8.5 
 Dopant Amount (per 100 mL of Water): 5 g 

 

5.1.2.1 CL01	‐	Plastic	Bottle:	8	fl.	oz.	(ID:	0007)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐03) 
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5.1.2.2 CL02	‐	Plastic	Bottle:	16	fl.	oz.	(ID:	0008)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐04) 

 

5.1.2.3 CL03	‐	Plastic	Bottle:	32	fl.	oz.	(ID:	0009)	
 Source (Part #): McMaster‐Carr (4218T46) 
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5.1.2.4 CL04	‐	Plastic	Bottle:	64	fl.	oz.	(ID:	0010)	
 Source (Part #): McMaster‐Carr (4216T1) 

 

5.1.2.5 CL05	‐	Metal	Bottle:	16	fl.	oz.	(ID:	0011)	
 Source (Part #): McMaster‐Carr (4084T77) 
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5.1.2.6 CL06	‐	Glass	Bottle:	16	fl.	oz.	(ID:	0012)	
 Source (Part #): McMaster‐Carr (5782T65) 

 

5.1.3 Object	O03	–	Rubber	Sheet	(ID:	0013)	
 Material: Rubber 
 Source (Part #): McMaster‐Carr (9455K15 (50A)) 
 Thickness: ¼”  
 Length: 12” 
 Width: 12” 

 
  	

733

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XLIII



TO3 Scanning Requirements, Page 20 
 

5.1.4 Object	O04	–	Textured	Object	
 Purpose: Emulate a HME with texture 
 Material: Balls separately made of 

o Acrylic  
o Glass 

 Source (Part #):  
o Acrylic: McMaster‐Carr (1383K52) 
o Glass: McMaster‐Carr (8996K25) 

 Container: Section 5.1.4.x 
 Diameter: ¼” 

5.1.4.1 Acrylic	Balls	(×500)	(ID:	0014)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐02) 
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5.1.4.2 Glass	Balls	(×500)	(ID:	0015)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐02) 

 

5.1.4.3 Glass	Balls	(×200)	+	Acrylic	Balls	(×200)	(ID:	0016)	
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐02) 
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5.2 Phantom	
Note that solid shapes (Teflon, PVC, and Graphite) are identified according to SSxx IDs, as listed in 
Section 6.2. 

5.2.1 Object	P01	–	Teflon	
 Material: Teflon 
 Shape: Section 5.2.1.x 
 Dimensions: Section 5.2.1.x 

5.2.1.1 SS01	‐	250mL	Cylinder	(ID:	1001)*	
 Source (Part #): McMaster‐Carr (8546K18) 
 Diameter: 1916” 
 Height: 20cm 
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5.2.1.2 SS02	‐	500mL	Cylinder(ID:	1002)*	
 Source (Part #): McMaster‐Carr (8546K47) 
 Diameter:2516” 
 Height: 18cm 

 

5.2.1.3 SS03	‐	1L	Cylinder(ID:	1003)*	
 Source (Part #): McMaster‐Carr (8546K22) 
 Diameter: 3116” 
 Height: 20cm 
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5.2.1.4 SS04	‐	500mL	Cube(ID:	1004)*ª	
 Source (Part #): McMaster‐Carr(8735K72) 
 Length: 312” 
 Width: 3” 
 Depth: 3116” 

 

5.2.1.5 SS05	‐	Small	Sheet	(ID:	1005)*	
 Source (Part #): McMaster‐Carr(8545K26) 
 Thickness: ¼” 
 Length: 6” 
 Width: 12” 
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5.2.1.6 SS06	‐	Large	Sheet(ID:	1006)	
 Source (Part #): McMaster‐Carr(8545K26) 
 Thickness: ¼” 
 Length: 12” 
 Width: 12” 

 

5.2.2 Object	P02	–	PVC	
 Material: PVC 
 Shape: Section 5.2.2.x 
 Dimensions: Section 5.2.2.x 
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5.2.2.1 SS01	‐	250mL	Cylinder	(ID:	1007)*	
 Source (Part #): McMaster‐Carr (8745K22) 
 Diameter: 112” 
 Height: 20cm 

 

5.2.2.2 SS02	‐	500mL	Cylinder(ID:	1008)*	
 Source (Part #): McMaster‐Carr (8745K27) 
 Diameter: 214” 
 Height: 20cm 
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5.2.2.3 SS03	‐	1L	Cylinder(ID:	1009)*	
 Source (Part #): McMaster‐Carr(8745K63) 
 Diameter: 3116” 
 Height: 20cm 

 

5.2.2.4 SS04	‐	500mL	Cube(ID:	1010)*ª	
 Source (Part #): McMaster‐Carr(8740K65) 
 Length: 3” 
 Width: 3316” 
 Depth: 3” 
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5.2.2.5 SS05	‐	Small	Sheet	(ID:	1011)*	
 Source (Part #): McMaster‐Carr(8747K114) 
 Thickness: ¼” 
 Length: 6” 
 Width: 12” 

 

5.2.2.6 SS06	‐	Large	Sheet(ID:	1012)	
 Source (Part #): McMaster‐Carr (8747K114) 
 Thickness: ¼” 
 Length: 12” 
 Width: 1178” 
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5.2.3 Object	P03	–	Graphite	
 Material: Graphite 
 Shape:  Section 5.2.3.x 
 Dimensions: Section 5.2.3.x 

5.2.3.1 SS01	‐	250mL	Cylinder	(ID:	1013)*	
 Source (Part #): McMaster‐Carr(9121K75) 
 Diameter: 112” 
 Height: 20cm 
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5.2.3.2 SS02	‐	500mL	Cylinder(ID:	1014)*	
 Source (Part #): McMaster‐Carr(9121K76) 
 Diameter:214” 
 Height: 18cm 

 

5.2.3.3 SS03	‐	1L	Cylinder(ID:	1015)*	
 Source (Part #): McMaster‐Carr(9121K77) 
 Diameter: 3” 
 Height: 20cm 
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5.2.3.4 SS04	‐	500mL	Cube(ID:	1016)*ª	
 Source (Part #): McMaster‐Carr(1763T36) 
 Length: 3” 
 Width: 3” 
 Depth: 3” 

 

5.2.3.5 SS05	‐	Small	Sheet	(ID:	1017)*	
 Source (Part #): McMaster‐Carr(9121K67) 
 Thickness: ¼” 
 Length: 6” 
 Width: 12” 
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5.2.3.6 SS06	‐	Large	Sheet(ID:	1018)	
 Source (Part #): McMaster‐Carr(9121K67) 
 Thickness: ¼” 
 Length: 12” 
 Width: 12” 

 

5.2.4 Object	P04	–	Tungsten	Wire	
 Material: Tungsten 
 Dimensions: Section 5.2.4.x 
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5.2.4.1 Thick	Wire	(ID:	1019)*	
 Source (Part #): McMaster‐Carr (3775K41) 
 Diameter: 0.5mm 
 Length: 10cm 

 

5.2.4.2 Thin	Wire	(ID:	1021)*	
 Source (Part #): McMaster‐Carr (3775K36) 
 Diameter: 0.05mm 
 Length: 10cm 
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5.2.5 Object	P05	–	NIST	Phantom	(ID:	1020)	
 
Phantom: NIST Phantom will be provided by LLNL. Pictures of the NIST phantom can be found in Section 
12.6.3. 
 

5.3 Clutter	Object	
The following objects shall be used to add clutter to scans. 

5.3.1 Low	Clutter	(CL)	

5.3.1.1 Packing	Foam	(ID:	2001)	
 Source (Part #): Inventory 

 

5.3.1.2 Cotton	Clothing	(ID:	2002)	
 Source (Part #): Wal‐Mart (230084512) 
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5.3.2 Medium	Clutter	(CM)	

5.3.2.1 Wood	Box	(ID:	2003)	
 Source (Part #): Shop Hobby Lobby (122119) 
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5.3.2.2 Paperback	Word	Seek	Book	(ID:	2004)	
 Source (Part #): Wal‐Mart  

 

5.3.2.3 Wooden	Toys	(ID:	2008)	
 Source (Part #): Wal‐Mart (070083427) 
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5.3.2.4 Plastic	Box	(ID:	2010)	
 Source (Part #): Wal‐Mart (000328724) 

 

5.3.2.5 Dove	Body	Wash	(ID:	2013)º	
 Source (Part #): Wal‐Mart 
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5.3.2.6 GarnierFructis	Hair	Conditioner	(ID:	2014)º	
 Source (Part #): Wal‐Mart  

 

5.3.2.7 Barbasol	Shaving	Cream	(ID:	2015)º	
 Source (Part #): Wal‐Mart  
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5.3.2.8 Degree	Men’s	Stick	Deodorant	(ID:	2016)º	
 Source (Part #): Wal‐Mart 

 

5.3.2.9 12‐pack	of	Razors	(ID:	2017)	
 Source (Part #): Wal‐Mart (550245220) 
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5.3.2.10 Kids	Dental	Kit	(toothbrush	with	cover,	toothpaste)	(ID:	2018)º	
 Source (Part #): Wal‐Mart  

 

5.3.2.11 Newspaper	(ID:	2048)º	
 Source (Part #): Wal‐Mart  
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5.3.2.12 Bar	Soap	(ID:	2012)	
 Source (Part #): ALERT 

5.3.2.13 Tennis	Shoes	(ID:	2005)	
 Source (Part #): ALERT 

5.3.2.14 Crayons	(ID:	2006)	
 Source (Part #): ALERT 

5.3.2.15 Plastic	Toys	(ID:	2007)	
 Source (Part #): ALERT 

5.3.2.16 Food	(ID:	2009)	
 Source (Part #): ALERT 

5.3.3 High	Clutter	(CH)	

5.3.3.1 Aluminum	Sheets	(×3)	(ID:	2020)	
 Source (Part #): Home Depot (47640) 
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5.3.3.2 Ceramic	Mug	(ID:	2025)	
 Source (Part #): Wal‐Mart (550163582) 

 

5.3.3.3 Stack	of	DVDs	(ID:	2028)	
 Source (Part #): Wal‐Mart (550370008) 
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5.3.3.4 Steel	Rebars(×3)	(ID:	2030)	
 Source (Part #): Home Depot (547360) 

 

5.3.3.5 Laptop	Case	(ID:	2031)	
 Source (Part #): Wal‐Mart (550426374) 
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5.3.3.6 Metal	Box	(ID:	2034)	
 Source (Part #): Inventory 

 

5.3.3.7 Metal	Pot	(with	lid)	(ID:	2035)	
 Source (Part #): Wal‐Mart (001422616) 
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5.3.3.8 Metal	Spatula	(ID:	2036)	
 Source (Part #): Wal‐Mart (001498746) 

 

5.3.3.9 National	Geographic	Magazine	(ID:	2037)º	
 Source (Part #): Wal‐Mart 
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5.3.3.10 AC	Adapter	(Power	Supply)	(ID:	2040)	
 Source (Part #): Inventory 

 

5.3.3.11 Speaker	Magnet	(ID:	2042)	
 Source (Part #): Inventory 
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5.3.3.12 Boom	Box	(insert	OOI	inside	if	possible)	(ID:	2045)	
 Source (Part #): Wal‐Mart (000511551) 

 

5.3.3.13 DVD	Player	(insert	OOI	inside	if	possible)	(ID:	2047)	
 Source (Part #): Wal‐Mart (550287902) 
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5.3.3.14 Liquids	(ID:	2021)	
 Source (Part #): ALERT 

5.3.3.15 Hardcover	Book	(ID:	2022)	
 Source (Part #): ALERT 

5.3.3.16 Boots	(ID:	2023)	
 Source (Part #): ALERT 

5.3.3.17 Camera	(ID:	2024)	
 Source (Part #): ALERT 

5.3.3.18 Clothes	Iron	(ID:	2026)	
 Source (Part #): ALERT 

5.3.3.19 Metal	Toys	(ID:	2027)	
 Source (Part #): ALERT 

5.3.3.20 Hairdryer	(ID:	2029)	
 Source (Part #): ALERT 

5.3.3.21 Picture	Frames	(ID:	2032)	
 Source (Part #): ALERT 

5.3.3.22 Leather	Clothing	(ID:	2033)	
 Source (Part #): ALERT 

5.3.3.23 Flashlight	with	Batteries	(ID:	2038)	
 Source (Part #): ALERT 

5.3.3.24 Portable	Hard	Drive	(ID:	2039)	
 Source (Part #): ALERT 

5.3.3.25 Remote	Control	Car	(ID:	2041)	
 Source (Part #): ALERT 

5.3.3.26 Spool	of	Duct	Tape	(ID:	2043)	
 Source (Part #): ALERT 

5.3.3.27 6‐Pack	of	Soda	(ID:	2044)	
 Source (Part #): ALERT 

5.3.3.28 Clock	Radio	(insert	OOI	inside	if	possible)	(ID:	2046)	
 Source (Part #): ALERT 

5.3.3.29 Laptop	Computer	(insert	OOI	inside	if	possible)	(ID:	2011)	
 Source (Part #): ALERT 
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5.3.3.30 Aerosols	(ID:	2019)	
 Source (Part #): ALERT 

6 Specifications	for	Liquids	and	Solid	Shapes	
The following specifications are benchmarks set by the first release (v01). Note that the actual sizes of 
the materials (in Section 5) may be different from the ones listed in this section. 

6.1 Containers	for	liquids	(CL)	
OOI Liquids (Water and Doped Water) are to be contained in the following containers. 

6.1.1 CL01	‐	Plastic	Bottle	250mL	
 Material: Plastic 
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐03) 
 Shape: Round 
 Size: ≈250mL 

6.1.2 CL02	‐	Plastic	Bottle	500mL	
 Material: Plastic 
 Source (Part #): SKS Bottle & Packaging, Inc. (0012‐04) 
 Shape: Round 
 Size: ≈500mL 

6.1.3 CL03	‐	Plastic	Bottle	1L	
 Material: Plastic 
 Source (Part #): McMaster‐Carr (4218T46) 
 Shape: Round 
 Size: ≈1L 

6.1.4 CL04	‐	Plastic	Bottle	2L	
 Material: Plastic 
 Source (Part #): McMaster‐Carr (4216T1) 
 Shape: Round 
 Size:≈2L 

6.1.5 CL05	‐	Metal	Bottle500mL	
 Material: Metal 
 Source (Part #): McMaster‐Carr (4084T77) 
 Shape: Round 
 Size: ≈500mL 
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6.1.6 CL06	‐	Glass	bottle500mL	
 Material: Glass 
 Source (Part #): McMaster‐Carr (5782T65) 
 Shape: Round 
 Size: ≈500mL 

6.2 Solid	Shape	(SS)	
Bulk objects and sheets (Teflon, PVC, and Graphite) shall be formed as noted in the following sections. 

6.2.1 SS01	‐	250mL	Cylinder	
1. Shape: Cylinder 
2. Diameter: ≈4cm 
3. Length: ≈20cm 

6.2.2 SS02	‐	500mL	Cylinder	
1. Shape: Cylinder 
2. Diameter: ≈6cm 
3. Length: ≈18cm 

6.2.3 SS03	‐	1L	Cylinder	
1. Shape: Cylinder 
2. Diameter: ≈8cm 
3. Length: ≈20cm 

6.2.4 SS04	‐	500mL	block	
1. Shape: Cube 
2. Linear Dimension: ≈8cm 

6.2.5 SS05	‐	Small	Sheet	
1. Shape: Sheet 
2. Size: ≈6”×12” 

6.2.6 SS06	‐	Large	Sheet	
1. Shape: Sheet 
2. Size: ≈12”×12” 

7 Packing	Requirements	
7.1 Container	

1. Type: Plastic Airport Security Bins 
2. Source (Part #): Global Equipment Company Inc. (235945) 
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7.2 Other	
1. All objects and containers shall fit into the scan FOV of the CT scanner 
2. Objects shall be set off at least 5 cm from the scanning table with CL (foam) 
3. Empty spaces may be filled with CL 
4. Object may be held into position using masking tape 

8 Scanning	Requirements	
8.1 Object	Configurations	
Objects shall be configured according to the following spreadsheet. 
 

“ TO3 scans vxx“, where xx is the version number of the file 

8.2 Scan	Notes	
1. Multiples lines in the spreadsheet may be scanned in the same container if the objects of 

interest do not overlap in the same axial slice. 
2. When two objects are listed in the spreadsheet, they shall be touching when scanned and they 

shall have the same orientations. 
3. All scanned objects shall be in the scanner’s scan and reconstruction FOVs. 

8.3 Scan	Modes	
1. 2D: Selective TBD slices 
2. 3D: Helical 
3. DECT: Back to back scans at two different potentials 

8.4 Scan	Technique	
1. Scan time: TBD 
2. Current: TBD 
3. Focal spot: TBD 
4. Potentials: TBD + TBD 
5. Helical pitch: TBD 
6. Slice thickness: TBD 
7. FOV: Scan FOV 
8. Pixel size: TBD 
9. Scan options: TBD 
10. Reconstruction options: TBD 
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9 Documentation	Requirements	
9.1 Marking	

1. All items scanned shall be marked with a unique number (ID) 
2. All items scanned shall be digitally photographed with at least one picture showing the object’s 

identification number (ID) 

9.2 Item	Descriptions	
The following information shall be recorded for all items scanned. 
 

1. Name 
2. Source 
3. Part number 

9.3 Scan	Descriptions	
The following information shall be recorded for each scan. 

1. Container serial number 
2. Object serial number(s) or IDs 
3. Description of scan 
4. Orientation of all Objects 
5. Observations 
6. Packer of bag 
7. Scan technique 

9.4 Negative	Requirements	
1. Videos shall not be made of the packing or unpacking of containers. 
2. Containers shall not be suitcases 

10 Data	Distribution	Requirements	
10.1 Distributed	Material	
The following material shall be distributed to researchers. 

1. Raw data 
2. Corrected data 
3. Scanner reconstructions (images) 
4. Offline reconstruction code, including corrections and inversion, to match vendor 

reconstructions 
a. Source code 
b. Executables 
c. Build instructions 
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d. User manual 
5. Scanner parameters 
6. Overview of vendor reconstruction algorithm 
7. Object descriptions 
8. Scan descriptions 
9. File formats 

10.2 Filenames	
Filenames shall have the following characteristics. 

1. Filenames shall contain only lowercase letters [a‐z], numbers [0‐9], a hyphen (‐) and an 
underscore (_). 

2. Filenames shall begin with an identifier for a scan type, contain a unique ID for the scan, and end 
with a version number. 

3. The ID shall match the ID noted in the scan description (see Section xx). 
4. The first character shall be a lowercase letter. 
5. All numbers in the filename shall be zero‐padded to the left to allow all numbers to be the same 

length. 
6. The maximum number of characters in a filename shall be 20 characters. 
7. The version number shall be of the form  _vxx, where there is an underscore (_) before the ‘v’ 

and xx is a number between 00 and 99. 
8. Filename examples shall include 

a. scan_000340_v01 
b. cal‐air_101204_v88 
c. image‐hv‐000012_v23 

10.3 File	Formats	
1. Image, calibration and sinogram data shall be in the format supplied by the vendor. 
2. The vendor shall supply the format of all files. 

10.4 File	Distribution	
1. Files shall be distributed via the internet. 
2. Files may be distributed using FTP. 
3. Files may need to be password encoded. 
4. File encoding may be achieved by inserting the files into zip‐files. 
5. Checksums for all files must be indicated in a manifest included with all files. The method for 

calculating the checksum shall be documented. 

11 Material	and	Information	Supplied	by	ALERT	
The following material and information may be supplied by ALERT to the CT provider. 

1. Objects used in the segmentation initiative 

767

Research and Development of Reconstruction 
Advances in CT‐Based Object Detection Systems

Final Report 
Appendix XLIII



TO3 Scanning Requirements, Page 54 
 

2. Advice on how to do the following tasks. 
a. Annotate objects 
b. Build spreadsheets for objects and packings 

12 Scanning	Protocols	for	Imatron	C‐300	
12.1 Scanner	
The Imatron C‐300 will be used to collect data. 

12.2 High	Energy	Scanning	
 Collimator: 1.5 mm 
 Slice thickness: 1.5 mm 
 kV: 130 
 mA: 630 
 Exposure: 0.1 s for 130 kV 
 Pitch: 1 
 Beam Speed: 0.100 s 
 Recon Method: Imatron reconstruction mode 
 Field of View: 40.0 cm 
 Tilt: 0.0 deg 
 Slew: 0.0 deg 
 Number of slices: 280 

12.3 Low	Energy	Scanning	
 Collimator: 1.5 mm 
 Slice thickness: 1.5 mm 
 kV: 95 kV 
 mA: 630 
 Exposure:  0.5 s for 95 kV 
 Pitch: 1 
 Beam Speed: 0.100 s 
 Recon Method: Imatron reconstruction mode 
 Field of View: 40.0 cm 
 Tilt: 0.0 deg 
 Slew: 0.0 deg 
 Number of slices: 280 
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12.4 Scanning	on	August	31,	2012	
The results of the scanning that took place on August 31, 2012 can be found at: 
/eng_research_TO3/Imatron /C300‐Data%2031‐Aug‐2012. The scanned objects and corresponding scan 
files are as follows: 

 Bag 1 with radio: RCP‐003735, RCP‐003736, RCP‐003737 
 Multi‐pin phantom: RCP‐003743, RCP‐003744 
 Resolution phantom: RCP‐003746, RCP‐003747 
 Bag 2: RCP‐003749, RCP‐003750 
 Liquid bottles: RCP‐003754, RCP‐003755 
 Bag 3 with rubber sheet: RCP‐003757, RCP‐003758 
 Backpack with laptop: RCP‐003759, RCP‐003760 
 Rubber sheet: RCP‐003761 

12.5 Scanning	on	November	07,	2012	
The results of the scanning that took place on November 07, 2012 can be found at: 
/eng_research_TO3/Imatron /C300‐Data%2007‐Nov‐2012%20Beads. The scanned objects and 
corresponding scan files are as follows: 

 Bottle with acrylic beads (ID: 0014): RCP‐004108, RCP‐004110, RCP‐004111 
 Bottle with glass beads (ID: 0015): RCP‐004108, RCP‐004110, RCP‐004111 
 Bottle with acrylic and glass beads (ID: 0016): RCP‐004108, RCP‐004110, RCP‐004111 

12.6 Scanning	on	January	7,	2013	
The results of the scanning that took place on January 7, 2013 can be found at: 
/eng_research_TO3/Imatron/C300‐Data%2007‐Jan‐2013.  

12.6.1 Scan	Table	
 
No  Scan name  E  Objects  Folder name 
1  NIST 10010‐A  SE  NIST phantom A  130 kV: RCP‐004728, RCP‐004730 
2  NIST 10010‐B  SE  NIST phantom B  130 kV: RCP‐004733, RCP‐004734 

3  LLNL Bin 1  DE  A6, A7, A8, A9, A10 
130kV: RCP‐004736 
95 kV: RCP‐004738, RCP‐004740, RCP‐004741, 
RCP‐004742, RCP‐004743 

4  LLNL Bin 2  DE  A6, A7, A8, A9, A11  95 kV: RCP‐004744, RCP‐004746 
130 kV: RCP‐004747 

5  Rapiscan pieces  SE  Water bottles, solid 
cylinders  130 kV: RCP‐004748 

6  LLNL PC 1  DE  A8,  A9, graphite 
cylinder 

130 kV: RCP‐004749 
95 kV: RCP‐004750, RCP‐004751, RCP‐004752 

7  LLNL PC 1‐b  DE  A8, A9, 0001  95 kV: RCP‐004753, RCP‐004754, RCP‐004755 
130 kV: RCP‐004756 
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8  LLNL PC 2  DE  0001, 0007  130 kV: RCP‐004757 
95 kV: RCP‐004759, RCP‐004760, RCP‐004761 

9  Kach EDEC 1  DE  A6, A8  130 kV: RCP‐004780 
95 kV: RCP‐004781 

10  Kach EDEC 2  DE  Aluminium cylinder, 
1015 

95 kV: RCP‐004782 
130 kV: RCP‐004783 

11  Tungsten wire 1  DE  1019  130 kV: RCP‐004784 
95 kV: RCP‐004785 

12  Tungsten wire 2  DE  Different orientation  95 kV: RCP‐004786 
130 kV: RCP‐004787 

13  Beads  DE  0014, 0015, 0016 
130 kV: RCP‐004788 
95 kV: RCP‐004789, RCP‐004790, RCP‐004791, 
RCP‐004792 

14 
Water and salt 
water in plastic 

bottles 1 
DE  0004, 0010  95 kV: RCP‐004793 

130 kV: RCP‐004794 

15 
Water and salt 
water in plastic 

bottles 2 
SE  Different orientation  130 kV: RCP‐004837 

16 
Water and salt 
water in steel 

bottles 
SE  0005, 0011  130 kV: RCP‐004822 

17 
Water and salt 
water in glass 

bottles 
SE  0006, 0012  130 kV: RCP‐004823 

18  Teflon cylinders  SE  1001, 1003  130 kV: RCP‐004824 
19  PVC cylinders  SE  1007, 1009  130 kV: RCP‐004825 

20  Graphite 
cylinders  SE  1013, 1015  130 kV: RCP‐004826 

21  Teflon cube  SE  1004  130 kV: RCP‐004827 
22  PVC cube  SE  1010  130 kV: RCP‐004828 
23  Graphite cube  SE  1016  130 kV: RCP‐004830 

24  Teflon and PVC 
sheets 1  SE  1005, 1011  130 kV: RCP‐004831 

25  Teflon and PVC 
sheets 2  SE  Different orientation  130 kV: RCP‐004832 

26  Teflon and PVC 
sheets 3  SE  Different orientation  130 kV: RCP‐004833 

27  Carl's shoes  SE  Shoes, 0001, 0013, 
2040  130 kV: RCP‐004834 

28 
Rubber and 

graphite sheets 
1 

SE  0013, 1017  130 kV: RCP‐004835 

29  Rubber and 
graphite sheets  SE  Different orientation  130 kV: RCP‐004836 
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2 

30 
Water, salt 

water and solid 
cylinders 

SE  0002, 0008, 1002, 1008  130 kV: RCP‐004838 

31  Medium clutter 
bag 1  DE  0002, 0008, 0013, 

0014, 0015, 0016 

130 kV: RCP‐004839, RCP‐004840 
95 kV: RCP‐004841, RCP‐004842, RCP‐004843, 
RCP‐004844, RCP‐004845, RCP‐004846, RCP‐
994847 

32  Medium clutter 
bag 2  SE  Repacking  130 kV: RCP‐004860, RCP‐004861 

33  Medium clutter 
bag 3  SE  Repacking  130 kV: RCP‐004865 

34  Medium clutter 
bag 4  SE  Repacking  130 kV: RCP‐004866, RCP‐004867 

35  High clutter bag 
1  DE  0001, 0006, 0007, 

0012, 1004 

95 kV: RCP‐004849, RCP‐004850, RCP‐004851, 
RCP‐004852, RCP‐004853, RCP‐004854, RCP‐
004855 
130 kV: RCP‐004857, RCP‐004858 

36  High clutter bag 
2  SE  Repacking  130 kV: RCP‐004868, RCP‐004870 

37  High clutter bag 
3  SE  Repacking  130 kV: RCP‐004871, RCP‐004872 

38  High clutter bag 
4  SE  Repacking  130 kV: RCP‐004873, RCP‐004874 

39  ALERT bag 1  SE 

0003,  0005, 0009, 
0011, 0013, 1001, 
1005, 1007, 1011, 

1016, 2045 

130 kV: RCP‐004875, RCP‐004876 

40  ALERT bag 2  SE  Repacking  130 kV: RCP‐004877, RCP‐004878 
41  ALERT bag 3  SE  Repacking  130 kV: RCP‐004879, RCP‐004880 
42  ALERT bag 4  SE  Repacking  130 kV: RCP‐004881, RCP‐004882 

43 
Empty steel 
and glass 
bottles 

SE  0005, 0006  130 kV: RCP‐004893 

44  Air 95 kV 0.1 s  SE  95 kV: RCP‐004848 
45  Air 95 kV 0.5 s  SE  95 kV: RCP‐004856 
46  Air 130 kV 0.1s  SE  130 kV: RCP‐004859 

47  Copper 95 kV  SE  Copper step ramp 
95 kV: RCP‐004804, RCP‐004805, RCP‐004806, 
RCP‐004807, RCP‐004808, RCP‐004809, RCP‐
004810, RCP‐004811, RCP‐004812 

48  Copper 130 kV  SE  Copper step ramp 
130 kV: RCP‐004884, RCP‐004885, RCP‐004886, 
RCP‐004887, RCP‐004888, RCP‐004889, RCP‐
004890, RCP‐004891, RCP‐004892 
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12.6.2 Additional	Object	Information	
The information about the ALERT objects in ALERT bags (scan number: 39,40,41,42) such as photographs 
and dimensions can be found at: /eng_research_TO3/ALERT/scan‐objects. The information about LLNL 
materials (scan number: 3, 4, 6, 7, 9) is summarized in the below table. 
 

LLNL Materials 

ID  Material  Diameter  
(mm) 

Density  
(g/cm^3) 

RhoE 
(Mol‐e/cm^3)  Zeff  Purity 

(%) 
A6  Graphite  50.871  1.682  0.84  6.00  99.999 
A7  Teflon  55.307  2,173  1.043  8.44  99.99 
A8  Magnesium  25.300  1.738  0.858  12.00  99.9 
A9  Silicon  25.338  2.329  1.161  14.00  99.999 
A10  Teflon (comp)  2.2’’  2.171  1.042  8.44  99.99 
A11  Delrin (comp)  2.0’’  1.403  0.748  7.01  copolymer 

 

12.6.3 Photographs	of	Configured	Objects	
The photos below are identified by the number to the left which corresponds to the “scan number,”or 
the left most column of the table in Section 12.6.1. 
 

1  2 

3  4 

5  6 
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7  8 

9  10 
 

11  12 

13  14 

15  16 
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17  18 

19  20 

21  22 

23  24 

25  26 
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27  28 

29  30 

31‐34  35‐38 

39‐42  43 

47‐48     
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12.7 Scanning	on	August	6,	2013	
The results of the scanning that took place on August 6, 2013 can be found at: 
/eng_research_TO3/Imatron/C300‐Data%06‐Aug‐2013. 

12.7.1 Scan	Table	
 

Scan name  E  Objects  Folder name 
High clutter ALERT bag  SE  ALERT Objects, 0013  130kV: RCP‐005973, RCP‐005974, RCP‐005976 
 

12.7.2 Photographs	of	Objects	in	Bag	
Below are the photos of the objects in the high clutter ALERT bag. 
 

Sneaker (pair)  RC Car 

Aerosol  Black Purse 

Flat Iron  Cell phone 

Water Bottle  LCD Clock w. 
Cord 
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Maple Syrup  AC Adaptor  

Candle  Toothbrush (x4) 

Motor Oil  Toy‐Robot 

CD  Gel Pad 

Liquid Lotion  Toy Doll 
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Nylon  Play Doh (x2) 

Urethane Foam  PVC 

Hard Drive  Rubbing Alcohol 

Clay  Scotch Tape 

AC Adaptor  Butyl Rubber 
Sheet (x3) 
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Neoprene 
Rubber Sheet 
(x3) 

Red Purse 

Red Hill Shoe 
(pair)  Wooded Frame 

Boot (pair)  Aerosol 

Bar Soap (x3)  Petroleum Jelly 

Metal Frame  Battery Pack 
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Cell Phone in 
Case  Motor Oil 

Peroxide  Toothpaste 
Tube 

Steel Bolt  Honey 

Shaving Cream  Dryer 

Bird Book with 
Sound  Flashlight 
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Crayons  Acetone 

Steel  Rubber Sheet 
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Revision	History	
Version	1	
First release. 

Version	2	
1. Move material from SOW to this document. 
2. Specify which code and supporting documentation is required. 
3. Added section on material and information supplied by ALERT 

Version	3	
1. Added version numbers and checksums to files. 

Version	4	(2012‐10‐03)	
1. Updated/Changed details in Section 5, which contains materials that will be scanned. 
2. Updated Section 7.1. 
3. Added Appendix. 

Version	5	(2012‐01‐17)	
1. Added the plot of Zeff and density for NaCl water in Section 5.1.2. 
2. Updated the tables and added photos of scanned objects in Appendix according to the actual 

scanning performed on Jan 07, 2013. 

Version	6	(2012‐02‐04)	
1. Cleaned up text in Introduction for consistency. 
2. Detailed description of LLNL material 
3. Updates to Appendix 
4. Added information on scans prior to January 7, 2013 (Sections 12.4, 12.5) 

Version	7	(2013‐03‐02)	
1. Revised by Crawford for comments supplied by Rick Moore and Alyssa White. 

Version	8	(2013‐08‐08)	
1. Added information on scans August 6, 2013 (Section 12.7) 
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