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Analysis of Crowd Congestion Degree in Narrow Space Based on Attention Mechanism

ZHANG lJing,CHEN Qingkui
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] The analysis of crowd congestion degree is very important t0 maintain public safety. Generally,in a narrow
space the perspective /is limited, and the human-human occlusion and human-item occlusion are serious. In addition,
because of the different scales of people and uneven density, the traditional methods often fail to directly get the specific
number of people in a narrow space. To address the problem , this paper proposes an analysis method of crowd congestion
degree in a narrow space based on the attention mechanism in order to quantify the crowd. The method analyzes the
congestion degree in the current space through the regression. congestion rate of the Convolutional Neural Network
(CNN). It designs an attention module as the front-end of the network, distinguishes the background and the crowd by
generating attention maps of corresponding scales, and retains accurate pixel position information to reduce the impact of
various noises in the input image. The attention graph and the original image are multiplied by corresponding pixels and
injected into the fine-tuned ResNet to train‘the crowd congestion rate. Experimental results show that the proposed method
can predict the congestion rate, accurately. reflect the current crowd congestion degree,and realize crowd flow control.

[ Key words] crowd congestion degree;narrow space; attention mechanism; Convolutional Neural Network ( CNN) ;
Residual Network ( ResNet)
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Table 6 Composition structure of public dataset
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