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Adaptive scale object tracking with kernelized correlation filters
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Abstract: As most of tracking-by-detection methods have not dealt with the scale estimation problem
in target tracking, this paper proposes a scale estimation strategy based on the tracking-by-detection
framework. Meanwhile, it designs an adaptive scale tracking algorithm based on kernelized correlation
filters. The algorithm uses a kernel function to solve the regularized least square classifier to obtain
the kernelized correlation filters. Then it completes the target position and scale detection by online
learning the kernelized correlation filters, and updates the filters in online. To verify the feasibility of
the proposed algortihm, ten groups of benchmark video sequences are tested and obtained results are
compared with those of five kinds of tracking algorithms. The experimental results show that the pro-
posed approach improves the performance by 6. 9% in the average distance precision as compared to
the best one of the other five excellent existing tracking algorithms. It is robust to scale changing, il-

lumination variation, partial occlusion, pose variation, rotation, fast motion and other complex
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scenes.
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Tab. 2 Test sequences in our experiments
—m
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Faccoee] 992 MCLE).SR DP 3. 4. 5 ,
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Tigerl 354 N . °
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3
41 Tab. 3 Average center location error  (pixel)
Matlab C MOSSE WMILT CT KCF CSK Ours
Intel Core i 3-2130 CPU. Car4 105.176 85.703 77.135 9.472 19.072 4.394
3. 4GHz. 2GB CarScale 69.999 70.415 15.972 16.142 90.527 19.499
. ’ o
Dogl 4.209 6.680 9.054 4.418 4,863 5.304
b o
mXn SX 1.y Girl 52.393 51.018 40.495 32.483 35.968 17.223
b ’
Trellis 77.523 43.042 44,784 8.210 19.070 7.819
o= mn,y, 6. =S,
Singerl 12.153 16.784 19.148 12.824 13.930 4.528
c 0.2, a 0.075,
David 129.093 24.420 8.973 9.529 17.213 9.468
A 0.01, S 32,
Faceoccl  6.064 31.750 29.620 43.683 5.465 6.685
r 1.1, B 0.025,
Tigerl 32,553 9.500 22.189 18.031 26.060 11.693
4.2
CarDark 3.242 60.841 46.955 5.764 2.585 2.616
’ 49,241 40.015 31.433 16.056 23.475 8.923

(Center Location Error, CLE) .

(5] (Success Rate, SR

) 26 (Dis-



2 , 453
4 5
Tab. 4 Success rate (%) Tab.5 Distance precision %)
MOSSEWMILT CT KCF CSK  Ours MOSSEWMILT CT KCF CSK Ours
Car4 27.5 24.6  27.6 36.7 27.6 100 Car4 28.1 24.1 35.4 95.3 355 100
CarScale 44.8  44.8 44.8 44.4 44.8 81.0 CarScale 65.1 63.1 65.1 80.6 65.5 76.2
Dogl 65.3 62.7 59.4 65.3 65.1 99.9 Dogl 100 94.3 94.9 100 99.9 99.6
Girl 35.6 27.7 30.7 84.2 51.5 76.2 Girl 34.7 21.8 24.8 60.4 39.6 65.3
Trellis 30.6 33.6 26.0 84.0 55.0 89.8 Trellis 34.1 45,0 25.3 100 75.6 100
Singerl  29.6 27.6 27.6 29.6  29.6 100 Singerl 84.9 63.5 32.2 81.5 67.5 100
David 14.0 51.6 100 100 57.0  25.8 David 14.0 40.9 100 100 50.5 97.8
Faceoccl 100 58.4  74.7 65.7 99.4  99.4 Faceoccl 99.4 19.1 32.0 64.6 99.4 98.9
Tigerl 39.4 70.4 56.3 69.0 50.7 57.7 Tigerl 52.1 93.0 67.6 73.2 63.4 87.3
CarDark 96.4 0.30 12.2 72.3 100 100 CarDark 100 10.4 21.4 100 100 100
48.3 40.2 45.9 65.1 58.1 83.0 57.8 47.5 49.9 85.6 69.7 92.5
1 ( 15,110,156,308,436 472 )
Fig. 1 Partial tracking results of experiment 1(Frames 15,110,156,308,436 and 472)
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Fig. 4 Partial tracking results of experiment 2
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