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Abstract In complementary learners for real-time tracking known as Staple, the merging coefficients of histogram
of oriented gradient feature and color histogram have both a fixed value of 0.3, which can easily cause the problem
of losing target when they are merged under different features. To solve this problem, this study proposes an
adaptive merging algorithm of complementary learners for real-time visual tracking based on an object probabilistic
model known as amStaple, which uses a piecewise function to obtain the adaptive merging coefficient. Experiments
on popular object tracker benchmarks including OTB-2013 and OTB-100 verify the effectiveness of the proposed
algorithm. Results show that amStaple has better performance than Staple. Compared with Staple in terms of OTB-
2013 and OTB-100, amStaple has 6.52% and 3.32% higher precision and 4.89% and 3.11% higher success rates,
respectively. Although the proposed algorithm is relatively less innovative, its performance has been obviously
improved in various aspects compared with that of a state-of-the-art algorithm from the same period. However,
amStaple performs poorly on partial sequence attributes of object tracker benchmarks. To solve this problem, a
decision condition is added based on amStaple, which is called amStaplel.
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Table 2 Precision and success rates of amStaple and Staple on different benchmarks and percentage

increases of amStaple compared to Staple

Benchmark Criterion Staple amStaple Increase ratio /%
Precision 0.782 0.833 6.52
OTB-2013
Success rate 0.593 0.622 4.89
Precision 0.784 0.810 3.32
OTB-100
Success rate 0.579 0.597 3.11
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Table 3 Comparison of success rates of amStaple and

Staple on different attributes of OTB-100 benchmark

Success  Success of Increase
Attribute
of Staple amStaple ratio /%
Illumination variation 0.595 0.628 5.55
Out-of-plane rotation 0.534 0.555 3.93
Scale variation 0.520 0.546 5.00
Occlusion 0.543 0.563 3.68
Deformation 0.550 0.559 1.64
Motion blur 0.540 0.558 3.33
Fast motion 0.541 0.557 2.96
In-plane rotation 0.549 0.573 4.37
Out-of-view 0.476 0.507 6.51
Background clutter 0.561 0.601 7.13
Low resolution 0.399 0.405 1.50
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Fig. 5 Qualitative comparison of top three algorithms on ten videos. (a) Birdl; (b) Bolt; (c¢) ClifBar; (d) coke; (e) dog;
(f) dragon baby; (g) shaking; (h) girl; (i) soccer; (j) trellis
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