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Target tracking method based on improved ECO-HC
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Abstract: The tracking method based on correlation filtering has fast frame rate but is prone to tracking
drift, resulting in target loss. Aimming to this problem, taking the correlation filtering method ECO-HC
as the baseline, this paper proposes parameter D to describe the change amplitude of the image scene.
According to real-time calculation of the value for this parameter and updating the model with different
intervals, the adaptive updating model is realized, so that the algorithm runs at a higher frame rate and has
a good accuracy. This effect is more obvious in the case of complex image illumination changing, target
deformation or occlusion. Experimental results show that success rate and accuracy rate of ECO-HC
embedded in this method are improved by 1.6% and 2.2% under the condition of changing illumination.
When the target leaves the field of view, the success rate is improved by 3.7%, and the accuracy is
improved by 3. 4%. In this experiment environment, the average frame rate reaches 60 FPS.
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Fig.1 (a) An original image of Tiger2 (OTB2015) ;

(b) Capturing the target area and graying it; (¢) Cal-
culating of the HOG feature; (d) Display of the

gradient histogram.
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Fig. 3 Correlation statistics of adjacent frames of each video sequence in OTB2015
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Fig. 7 Partial results on OTB2013. (a) Success plot of in-plane rotation; (b) Success plot of motion blur; (¢) Success plot
of deformation; (d) Precision plot of in-plane rotation; (e) Precision plot of motion blur; (f) Precision plot of defor-
mation; (g) Success plot of occlusion; (h) Precision plot of illumination variation; (i) Precision plot of background

clutter; (j) Precision plot of scale variation; (k) Precision plot of occlusion; (1) Precision plot of OPE™.
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Fig. 8 Partial results on OTB2015. (a) Success plot of illumination variation; (b) Success plot of out of view; (¢) Preci-

sion plot of illumination variation; (d) Precision plot of out of view.
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Fig.9 Comparison between the algorithm OURS in this paper and its baseline ECO-HC and other four algorithms.
(a) Matrix; (b) Soccer; (¢) Shaking; (d) Ironman.
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Tab.2 Comparative experiment on VOT2016
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