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* Fundamental study of materials LACs

* LAC dimensionality greater than 2 -> more than two

energies are needed

* Material discrimination can be improved by using

features different than the standard photoelectric and

Compton coefficients.

* The use of leaned classification-aware feature
extraction methods for MECT can increase detection

improvement of detection performance and reduce false alarm rates.

* Applying machine learning and

14 evaluation of candidate systems.
information theoretic methods to X-ray Future Work

based explosives detection * New results can inform the design of next Other References
» Understanding fundamental limits of generation MECT systems and estimation

existing and future MECT systems algorithms.
* Optimizing information extraction from
MECT measurements for increased
discrimination between explosive and
benign materials

New approach:
* Discrimination-optimized representations
* Multi-dimensional features
* Multi-energy sensing

* New discrimination optimized
representations can be used in place of existing
conventional representations to enhance
existing systemes.

Advancing the state of the art:

» Potential for significant * Understanding of fundamental limits to

discrimination can serve as benchmark for

Incorporation of the complete MECT observation model:
* Reliable reconstruction of classification-aware features
* Understanding the relative reliability/contribution of
various energy components

* Understanding the impact of differential absorption
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