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People flow statistics and early warning platform in public places
YANG Zhihu, ZHAO Jiaman

(School of Information and Computer Engineering, Northeast Forestry University, Harbin 150040, China)

[ Abstract] The traditional monitoring only realizes the recording function, which cannot accurately identify the number of people,
crowd riots, congestion and other abnormal events in dense scenes; at the same time, the existing intelligent systems have poor
adaptability to the environment, scattered data, hindered scene understanding, and lack of autonomy. In order to solve these
problems, this paper applies deep learning and machine learning algorithm to the field of monitoring and security to solve the
problem that the traditional monitoring field completely depends on human subjectivity. Combining the target detection algorithm and
density estimation algorithm, each takes its own advantages to realize the people flow statistics and abnormal event early warning;
using regression model to predict the change of the number of people in the next period of time; and building an intelligent system of
edge cloud cooperation to form a complete intelligent security.
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Fig. 1 Core algorithm architecture of the project
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Tab. 1 Prediction results of mean absolute error MAE and mean

square error MSE in Shanghai tech data set

Part_A Part_B
Method
MAE MSE MAE MSE
MCNN 110.1 173.2 26.3 41.1
Switching—CNN 91.5 135.5 22.0 34.3
CP-CNN 73.8 114.3 20.6 33.7
CSRNet 68.1 114.7 10.5 15.9
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Tab. 2 Corresponding results of common machine learning
regression algorithms under different sequence lengths

(LEN)

LEN 3 4 5 6 7 8 9

Linear 432 430 425 422 426 428 43I
Ridge 433 431 423 421 423 425 431
Lasso 430 427 426 422 413 420 427
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Fig. 2 Overall flow of the system

Welcome to
Human Traffic Monitoring Platform
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Fig. 3 Main page of Web Platform
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