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The Optimized Pedestrian Tracking-learning-Detection
Algorithm Based on SVM
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(College of Electrical and Information Engineering, Hunan Univ,Changsha, Hunan 410082,China)

Abstract: A new method based on optimized TLD (Track-Learning-Detection) and SVM (Support
Vector Machine) for tracking pedestrian was proposed. First, with pedestrians as positive samples and the
background as negative samples respectively, HOG (Histogram of Oriented Gradient) descriptor of pedes-
trian was extracted and combined with linear SVM to train the pedestrian classifier, which was used to ob-
tain the calibrated pedestrian area accurately. Then, adaptive tracking and online learning on the pedestri-
ans on the basis of TLD were integrated to estimate the reliability of the positive and negative samples, to
rectify error existing in the current frame caused by detection and to update the tracking data simultaneous-
ly to avoid subsequent similar mistakes. The experiment results demonstrate that, compared with the con-
ventional tracking algorithm, the proposed algorithm can not only significantly adapt to occlusions and ap-
pearance changes but also automatically identify and track pedestrian targets at arbitrary position, manifes-
ting stronger robustness.
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Fig.1 The block diagram of improved algorithm
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Fig. 4 Sub-sample of positive and negative images
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Tab.2 The results of testing sequences
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Wi 91 pog ol e T 1 S T S A
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Football 800 800 732 / 91.50% 726 / 90.75% 697 / 87.13% 729/91.13%
Pedestrianl 397 389 352 / 90.49% 344/ 88.43% 326 /83.80% 347/89. 20 %
Pedestrian2 2 000 1863 1564 /83.95% 1421/ 76.27% 1298 /69.67% 1511/81.10%
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Fig. 8 The tracking results of pedestrianl sequence using each algorithm
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