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Abstract

This research proposes a com-
prehensive "robust tracking" framework
that can substantially enhance au-
tomatic surveillance systems. The pro- |
posed approach exploits the dynamics of N arSaaaareaveslas ' =B ' ' '
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Technical Approach
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Multiview Tracking

Context Information

Fusing information from Context Features
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It’s associated Hankel matrix

The rigidly coupled supporters
are helpful to estimate the
position of the occluded target.

A frame with the target marked
by a red rectangle and feature
trajectories.

features, the target motion can still
objects across multiple cameras. The e modeled and estimatec.
use of multiview contextual dynamics

allows for persistent tracking through
long occlusions, even if involving targets
with similar appearances. The proposed
techniques require neither rearrange-
ment nor calibration of already deployed
cameras.

Relevance

Tracking is a core module for
automatic surveillance systems.

*Current surveillance systems have
difficulties handing occlusion/ similar
appearance / calibration.

* Our method provides an unified
solution for addressing these three
critical problems.

* Transferring this technology to
industry may have an immediate
impact on surveillance systems.

* End users include law enforcement
agencies, security service companies,
major transit services & airports, high-
volume venues.

All the 2D affine projections of the 3D trajectory of a target, captured simultaneously
by a set of affine cameras, lie on a single subspace.
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When the target is occluded in a view, it is possible to Information from other cameras as

dynamic and epipolar geometry constraints to estimate the current location of the target in the
occluded view and use this estimate to predict the location of the target in the next frame in all views
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Accomplishments Through Current Year

*Algorithm Development

*Unified Theory

*Early testing of the algorithm and comparison with
existing methods

Research is currently underway seeking to extend
these results to

*Perspective cameras.
*Multiple Targets.
*Optimized Implementation

How to do it?:
Local Autoregressive Dynamic Models

Contextual Tracking
Legends: @ Ground Truth;  ST[3]; % RT[1]; @ Proposed RST.

Local Affine Reference Autoregressive Dynamic Models
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Vote by Rank Minimization Estimates

Opportunities for Transition to
Customer

Most large public spaces are already
equipped with surveillance cameras. Our
method can substantially improve
tracking robustness in large, crowded en-
vironments where long occlusions are
frequent. Further, this improvement is
achieved without the need to add
equipment or recalibrate and redeploy
existing cameras.
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