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Abstract To improve the robustness of object tracking in complex situations, a new algorithm based on adaptive
feature updating is proposed. First, hierarchical deep and hand-crafted features are simultaneously extracted from
the object, and multiple fusion feature experts are constructed through multi-feature fusion by using different linear
combination methods. Second, the credibility score of each expert is computed and the highest score is selected as
the tracking feature of the current frame. A position correlation filter is then constructed to predict the frame's
target position. Finally, the reliability of the tracking result is detected. When this reliability is found to be lower
than a certain threshold, the fusion feature updating mechanism is initiated, and the temporal and semantic
informations are added to the re-track, which reduces the error accumulation of the model. The proposed algorithm
is tested on OTB-2013 and OTB-2015 datasets, and the obtained results are compared with those of 9 recently
developed popular algorithms. Our proposed algorithm demonstrates a higher success rate and better robustness in
complex situations, such as fast motion, background clutter, motion blur, and deformation, than existing
algorithms.
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Fig. 1 Framework of proposed algorithm
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Algorithml: Proposed Tracking Algorithm

Input: Initial target position P_ (x,_l,y,_l,w,_l,h,_l) ,the correlation filter.

Output: Estimation object position P,(.\',, y,,u;,h,)

1 Repeat

and convolutional features;

IF S, <R

O 0w N N N s W

10 END IF
11 Until End of video sequence

Update model of new target using (17);

Crop out the searching window in frame t centered at(x, ,,7,,) and extract HOG features

For each sample do computing filter and correlation response map;
Estimate the new position (x,,y, ) on response map;

Estimate the new scale of sample and extract feature;

Compute confidence score S, of new patch using (16);

Estimate new position (x,,y,) and scale of target;

&5 Sk

Fig. 5 Flow chart of algorithm
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Fig. 9 Tracking precision of 11 different attribute video sequences on OTB-2013 database. (a) Background clutter;
(b) deformation; (c) fast motion; (d) in-plane rotation; (e) illumination variation; (f) low resolution; (g) motion

blur; (h) occlusion; (i) out-of-plane rotation; (j) out of view; (k) scale variation
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Fig. 10 Tracking success rates of 11 different attribute video sequences on OTB-2013 database. (a) Background clutter;
(b) deformation; (c¢) fast motion; (d) in-plane rotation; (e) illumination variation; (f) low resolution; (g) motion

blur; (h) occlusion; (i) out-of-plane rotation; (j) out of view; (k) scale variation
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Fig. 11 Tracking precision of 11 different attribute video sequences on OTB-2015 database.

(a) Background clutter;

(b) deformation; (c) fast motion; (d) in-plane rotation; (e) illumination variation; (f) low resolution; (g) motion

blur; (h) occlusion; (i) out-of-plane rotation; (j) out of view; (k) scale variation
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Fig. 12 Tracking success rates of 11 different attribute video sequences on OTB-2015 database. (a) Background clutter;
(b) deformation; (c¢) fast motion; (d) in-plane rotation; (e) illumination variation; (f) low resolution; (g) motion

blur; (h) occlusion; (i) out-of-plane rotation; (j) out of view; (k) scale variation
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