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Proposed Tracking Method

(1) Estimation f%, .. N Trackers

@ Visual object tracking is a task that predicts a target location in a image

sequence given the initial frame image and target location. /‘\ .
: L e nien . (4) Evaluate «F(p‘ .EE

@ In object tracking, it is difficult to realize an accurate and stable tracker
due to large variations in the target appearance.

(3) Feedback y**1, ...
@ Using multiple trackers can stabilize tracking, but it's hard to weight and ﬁi‘
aggregate trackers from lack of feedback to evaluate trackers every frame. (2) Prediction p*
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Algorithm Advisor

@ However, there are some anchor frames where we can specify the target — 3 O

location, and the target locations between the two anchor frames in the Step1. Prediction Dngﬂl ng rﬁET "9' [‘_ _j <’ ﬁl@{b Fli;EEJJ‘I‘E_t{E

past can be estimated with high accuracy and used as delayed feedback, o (1) At each { ¢ N track _ timation of th ¢ target B{ EIE
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® We propose tracking method that aggregates several trackers based on Step3. Evaluation - only at anchor frame B X -

delayed-hedge algorithm[1] with delayed feedback. - gt

® (4) Calculate the loss of trackers between anchor frames and update each s.t.

@ The proposed method is theoretically guaranteed to follow the best weight. (L9

tracker without any assumption. wine Ot . 1 wiexp(—nL '
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Experimental Results

@ Seven state-of-the-art trackers are employed for the proposed method.

R ~
@ The proposed method and the trackers are evaluated with average area- . L j-b
under-curve score(AUC) of overlap and average distance precision(DP) Tracking examples —I—
Performance of trackers
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