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Visual Tracking

Discriminative Tracking

Active Collaborative Ensemble Tracking
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Results

Success Precision Speed

Challenges of Ensemble Method
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Video Indexing

. ) L 4
NEky ’
5y : %
4 . di p : -
4 7 &
i 2 > - -
~ -l - H
£ . 5 .
R B -
A "; = - - ;k" . T B T—
= e \ B ™
—
E —a

(%) (%) (fps)
TLD 49 60 21.2
STRUCK 55 66 11.3
MEEM 62 74 14.2
SATPLE 69 /6 48.1
MUSTer /2 32 3.3
SRDCF /0 /8 4.3
CCOT /5 34 0.2
ACET /76 38 37.16
Benefits

v’ Very Reliable (Graceful degradation)

v’ Real-time Processing (> 24
v Robust

v’ Accurate (State-of-the-art)
v’ Light-weight
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Method

Online Ensemble Learning

1 Online Boosting (OAB)

J Multi-Instance Learning (MIL)
1 Semi-Supervised Learning (BSBT)
1 Bayesian Randomized Ensembles( RET)

Proposed

J Ensemble with Data Exchange
1 Optimized Data Exchange and Mix-of-Memory
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v’ Each Classifier Learns from the Majority of the Ensemble
v’ Classifier’s Vote is as Important as its Accuracy

v Regression-based Ensemble Result Aggregation

v’ Each Classifier has Different Memory Span
v’ Data Exchange by Active Learning

Active Learning
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