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Robust visual tracking via fast deep learning

Dai Bo, Hou Zhigiang, Yu Wangsheng, Hu Dan, Fan Shunyi

Institute of Information and Navigation, Air Force Engineering University, Xi'an 710077, China

Abstract: Objective Deep learning-based trackers can always achieve high tracking precision and strong adaptability in diff-
erent scenarios. However, because the number of the parameter is large and finetuning is challenging, the time complexity
is high. To improve efficiency, we proposed a tracker based on fast deep learning through construction of a new network
with less redundancy. Method The feature extractor plays the most important role in a visual tracking system. Based on the
theory of deep learning, we proposed a deep neural network to describe essential features of images. Fast deep learning can
be achieved by restricting the network size. With the help of GPU ( graphics processing unit) , the time complexity of the
network training is released to a large extent. Under the framework of particle filter, the proposed method combined the
deep learning extractor with a support vector machine scoring professor to distinguish the target from the background. Result
The condensed network structure reduced the complexity of the model. Compared with other deep learning-based trackers,
the proposed method can achieve higher efficiency. The frame rate is kept at 22 frames per second on average. Conclusion

Experiments on an open tracking benchmark demonstrate that both the robustness and timeliness of the proposed tracker is

78 B #7:2016-05-16 ;48 5 B #1:2016-07-21

ESTR: HE ARB2EIL4 T H (61473309) 5 B 45 F ARBHEIE 4T H (2015]M6269 ,2016JM6050)

F—EF™ AN (1992— ) 5, E AR A S E T RKEE B 5@ E TR VB 0RE A, MR 7 B i L 5 148
23], E-mail: daybright. daibo@ gmail. com

Supported by : National Natural Science Foundation of China(61473309) ; Natural Science Foundation of Shaanxi Province, China(2015]M6269,
2016JM6050)

© h H R BT A R R A7



g21%E /58128 /2016 12 B

#in, E5E, RER, B3, BHEE / REREFINEEWKIRE

promising when the appearance of the target changes contains translation, rotation, and scale, or the interference contains

illumination, occlusion, and cluttered background. Unfortunately, the tracker is not robust enough when the target moves

fast or the motion blur and some similar objects exist.

Key words: visual tracking; deep learning; support vector machine (SVM) ; particle filter; autoencoder
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