W23k WM e TR Vol. 23 No.8
2015 4 8 A Optics and Precision Engineering Aug. 2015

NEHES 1004-924X(2015)08-2339-10

AEF_EXAEHENREZIEN
HE B MR B iR

oW EARN,MRE LU EH RS

(LKABIAY BFTERIRFK, K&,130022;
2.PERFR KALFBEINRE WER KB, K &,130000;
LELFEAF HENBAFEREERAZR, K&,130117)

WE N EE 25 TLD(Tracking-Learning-Detection) % 2 6 B 5 0kS B RN B, 48 1 35 — (8 4L W Y8 B8 & (BING)
B A0 TLD HAR R ERS L . 7EERER A8 g | AL T A28 1N SCAY JRy 0 R B 4 2% IO 330 0 5 3ok AR 42 Jmy s B A R 9P Ah 330 9%,
re T R A A B R M s F BING SR IR 80 6 17 B R SR M L 25 S GG 4 S AN S AR AR I L s T AR 2 ) A
DU R, 45t e 7 a0 g b 3 5 I A AR A F A B R L o) b AR v, O R S S AR Y A 2R A L R O T B R T
RO, N ) 14 T I ) S 6 25 2R 2% B A B39 1) R BB E A 23R 58 85 06, K3k 19. 79 frame/s. 554G TLD Hvk K H
b 3 R R A R IR AE E e IR T LA T 0 e B ORG B S Ak B

x 8 iR B ARSI RIR-F T AL HLIE AR B A

RESHES V556 XEFRIZAS:A  dei:10. 3788/0OPE. 20152308. 2339

Efficient target tracking by TLD based on binary normed gradients
CHENG Shuai', CAO Yong-gang'?, SUN Jun-xi** , LIU Guang-wen', HAN Guang-liang®

(1. School of Electronic Information Engineering ,

Changchun University of Science and Technology, Changchun 130022, China;
2. Changchun Institute of Optics, Fine Mechanics and Physics,
Chinese Academy of Sciences, Changchun 130000, China;

3. School of Computer Science and Information Technology,
Northeast Normal University, Changchun 130117, China)

* Corresponding author, E-mail ; junxi_sun@126. com

Abstract: To improve the tracking precision and processing speed of the Tracking-I.earning-Detection( T1.D)
algorithm under a complex environment, an efficient TLD target tracking algorithm based on Blnary Normed
Gradient(BING) algorithm was proposed. The local tracker failure predicting method based on spatial-tempo-
ral context and the global motion model estimation algorithm was introduced into the tracker to improve its
precision and robustness. Then, the BING algorithm was used to replace a sliding window for searching the
target to detect the candidate target by combining with a cascaded classifier, so that to reduce the search space

and improve the processing speed of the detector. The sample weight was integrated into the online learning
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procedure to improve the accuracy of the classifier and to alleviate the drift to some extents. The experimental

results on variant sequences demonstrate that the accurate rate and the frame rate of the improved TLD are

85% and 19. 79 frame/s, respectively. Compared with original TLD and state-of-the-art tracking algorithm

under the complex environment, the improved TLD has the superior performance on robustness, tracking

precision and tracking speeds.
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Fig. 1 Block diagram of BTLD algorithm
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Tab.1 Features of image sequences
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Tab. 2 Frame number of successfully tracking targets

gl EARAT IR Tepince  Tascade Teascade”
pedestrian2 266 100 235 263
pedestrian3 156 52 52 60
car 860 510 580 640
carchase 8 660 182 231 301
panda 2 730 70 95 124
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Tab.3 Average consuming time of tracking a frame
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Tab. 4 Number of successfully detecting targets

Lzl ERCIN i3 Dican D
pedestrian2 266 245 242
pedestrian3 156 156 156
car 860 834 830
carchase 8 660 6 011 6 024
panda 2 730 1719 1719
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Tab.5 Average consuming time of detecting a frame
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Fig. 3  Window sampling process
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Fig. 4 Tracking results with weighted P-N learning
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Tab. 6 Sequence test results

Ep gl B %/ frame * s~'
5 N - -

L%k BSBT MIL coGD TLD BTLD BSBT MIL coGD TLD BTLD
pedestrian2 266 0. 37 0.23 0.71 0. 89 0.91 7.83 9.21 5.6 19. 46 22.20
pedestrian3 156 0. 81 0.49 0. 84 0.99 1. 00 5.64 6.52 4.1 15. 33 19. 29
car 860 0. 56 0.11 0.91 0.92 0. 95 8. 56 10. 23 4.6 14. 66 19. 27
carchase 8 660 0. 38 0.49 0.73 0. 50 0. 86 8.27 7.10 8.10 13.43 17.62
panda 2 730 0. 44 0. 14 0. 16 0. 32 0.51 6.31 8.32 7.81 14,22 20. 56
mean 1 985 0.51 0.29 0.67 0.72 0. 85 7.32 8. 26 6. 04 15.42 19.79

(¢) car
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