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Real-time crowd counting for embedded systems with high accuracy

Jin Xin™ |, Zhao Xu™ , Zhao Chaoyang™ , Xu Huazhong" , Wang Jingiao ™
( " College of Automation, Wuhan University of Technology, Wuhan 430070 )
( ™ Institute of Automation, Chinese Academy of Sciences, Beijing 100190 )
Abstract
On some embedded devices that have limited computing resources, most of the methods which adopt deep
learning are difficult to meet the requirements of practical application in running speed and the precision. To solve
this problem, this paper proposes a deep learning based fast crowd counting method for embedded devices. Firstly,
this paper designs a low-computing-power platforms acceleration network ( LPANet) and embeds it into a single-
stage head-shoulder detector. The detector quickly detects the head-shoulder part of people in each frame of the
videos. Then, this paper adopts a fast multi-target tracking method to obtain the trajectory of each detected header-
shoulder region. Finally, the method gets the number of people according to the number of trajectories. This paper
proposes a head-shoulder dataset to evaluate the effectiveness of the proposed method. The method gets a 1. 15
mean absolute error( MAE) and runs 20 frames per second on ARM platform ( dual-core cortex-A72) at 640 x 480
resolution. The deep learning based crowd counting method consisting of head-shoulder detection and tracking pro-
vides a feasible solution for the use of embedded devices in various scenes.
Key words: crowd counting, head-shoulder detection, multi-target tracking, low-computing-power platforms

acceleration network ( LPANet) , head-shoulder dataset





