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Batch Mode vs. Online Mode

ABatch Mode

\ \ I \ \ time axis

t-2 t-1 t t+1 t+2

AOnline Mode

\ \ i I I time axis

t-2 t-1 t t+1 t+2




Tracking by Detection
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Data Association
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Similarity Function for Data Association
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Offlinelearning vs. Onlirk2arning



Offlinelearning vs. Onlirk=arning
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Offlinelearning vs. Onlirk=arning
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Our Solution: Tracking by Decision Making
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Inverse Reinforcement Learning
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Comparison between Different Learning Strateg
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Markov Decision Process for a Single Target
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Markov Decision Process for a Single Target
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Markov Decision Process for a Single Target
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TLD Tracker.. Kalal K.Mikolajczyk and JMatas Trackinglearningdetection. TPAMI34(7):14091422, 2012.



Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Template Tracking in Tracked States
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Markov Decision Process for a Single Target
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Data Association In Lost States
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Learning the Similarifyunction
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Inverse Reinforcement Learning
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Inverse Reinforcement Learning
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Inverse Reinforcement Learning
Ground truth trajectory
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Inverse Reinforcement Learning
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Inverse Reinforcement Learning
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Markov Decision Process for a Single Target
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Ensemble MDPs for Online Multbject Tracking
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Step 1: Process tracked targets
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Step 2: Process lost targets

___________ ‘ - Hungarian algorithm
for lost targets

lllll
........

time axis

t-2 t-1 t

44



Step 3: Initialize new targets
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Online MulttODbject Tracking with MDPs
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AEXperiments



Experiments: Dataset

AMultiple Object Tracking Benchmark [1]
Al1 training sequences
Al1l test sequences
AObject detections from the ACF detector [2]

[1] L LealTaixé A. Milan, I. Reid, S. Roth, andS¢hindlerMOTChalleng2015: Towards a Benchmark for MulargetTracking.
arXiv:1504.0194fc9, 2015
[2] P.Dollar R. Appel, Belongie and PPerona Fast featurgpyramids forobject detection. TPAMI, 36(8):1531545, 2014. 48



Experiments: Analysis on Validation Set

AContribution of different components
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Experiments: Analysis on Validation Set
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Experiments: Analysis on Validation Set

AContribution of different components
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Experiments: Analysis on Validation Set
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