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Video crowd counting system based on deep learning

XIANG Dong, QING Linbo , HE Xiaohai, WU Xiaohong

(College of Electronics and Information Engineering, Sichuan University, Chengdu Sichuan 610065, China)

Abstract : Automatic crowd counting has attracted widespread concern in the field of video
surveillance. In recent years, the Convolutional Neural Network(CNN) has achieved miraculous results in
crowd counting. However, current research based on deep learning mainly concentrates on high-
performance PC to count the people with a single still picture. The network model has huge computational
resources consuming due to its large amount of parameters and complex network structure, which is
difficult to deploy in actual surveillance video crowd counting system. Therefore, the deep learning method
is adopted to realize the real-time crowd counting on the embedded platform by pruning and compressing
the network model and using TensorRT to accelerate the model inference. The proposed crowd counting
algorithm achieves a balance between accuracy and speed with Mean Absoulte Error(MAE) of 21.6 and
average Frames Per Second(FPS) of 22. Its performance on the embedded platform can approach the real-
time result.
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Tablel Parametric comparison of network convolution layer before and after pruning

convolution layer kernel size number of kernels number of kernels after pruning

Conv2D_1 9%9 16 14
Conv2D_2 7x7 32 29
Conv2D_3 7x7 16 16
Conv2D_4 7x7 8 7

Conv2D_5 7x7 20 18
Conv2D_6 5x5 40 37
Conv2D_7 5%5 20 18
Conv2D_8 5x5 10 10
Conv2D_9 5x5 24 23
Conv2D_10 3x3 48 39
Conv2D_11 3x3 24 21
Conv2D_12 3x3 12 12
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Table2 Performance comparison of models before and after tailoring

models MAE parameters FLOPS/(frames/s)  average inference time/(s/frame) average inference power/W
MCNNE 19.3 127 958 255378 0.127 7.2
pruned MCNN 212 89 565 176 210 0.092 6.1

pruned MCNN+TensorRT 21.6 89 565 176 210 0.045 5.7
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Fig.3 Crowd counting results of ShanghaiTech B testset synthetic video
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Fig.4 Crowd counting results of campus canteen surveillance video
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Fig.5 Crowd counting results of BeijingBRT surveillance video
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