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Panoramic video motion small target detection algorithm in complex
background

WANG Dian-wei', YANG Xu'', HAN Peng-fei®, LIU Ying"', XIE Yong-jun®, SONG Hai-jun®

(1. School of Telecommunication and Information Engineering, Xi’an University of Posts and Telecommunications,
Xi’an 710121, China; 2. Center for Al Research and Innovation, Westlake University, Hangzhou 310024, China;
3. Xi’an Institute of Optics and Precision Mechanics of CAS, Xi’an 710119, China)

Abstract: In order to solve the problem of low detection accuracy of moving small targets in the panoramic video in
complex background, a small target detection algorithm based on complex background motion is proposed. Firstly, to
reduce the interference of complex background information and improve the accuracy of target detection, the fast robust
principal component analysis (Fast RPCA) algorithm is used to separate the foreground background information of the
panoramic video image, and the foreground information is extracted as an effective image feature. Then, the candidate
frame size of the region proposal network (RPN) in the faster region-convolutional neural networks (Faster R-CNN) is
improved to adapt to the target size in the panoramic image, and then the foreground feature map is trained. Finally, the
convolutional layer output detection model is shared by the RPN network and the Fast R-CNN network to achieve accurate
detection of small targets in the panoramic video image. Experiments show that the proposed algorithm can effectively
suppress the influence of complex background information on target detection accuracy, and has high detection accuracy
for small moving targets in panoramic video images.

Keywords: panoramic image; Fast RPCA; Faster R-CNN; target detection
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