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[ Abstract] With the popularization of intelligent communication Aevicopand the improvement of positioning accuracy of
communication base stations, it becomes feasible to monitor and predigt‘crowd density using the behavior data of users
recorded by communication base stations. However,the prediCudn pdriormance of the frequently methods using time series
and probability models is reduced by the suddenness of crow{ gathering events. To address the problem ,this paper proposes
a prediction method based on group behavior analysis¢By analyzing the online behavior of crowds and the behavior features
of crowds moving between base stations, their coztelation is obtained. On this basis, in combination with the time series
information of the crowd density of stations, the prediciion result is obtained by using the expanded causal convolutional
neural network and logistic regression modei. Experimental results on the online behavior record dataset of mobile phone
users provided by operators show that th@yaccuracy of this prediction method is 0.93 and the recall rate is 0. 97, which is
significantly better than the ARIMA «'gorithm,LSTM algorithm and XGBoost algorithm, proving the introduction of online
behavior and movement features of\users can effectively improve the accuracy of abnormal crowd aggregation prediction.

[ Key words] abnormal crowd {garegation; mobile Internet; group behavior analysis; crowd prediction; Convolutional
Neural Network ( CNN)
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Table ¥, Classification of content accessed by users

AN i i URL

| [ social weibo. com
Vag7| shopping taobao. com

T application myapp. com

LA video youku. com
H R music music. 163. com
Hr news news. baidu. com
IR entertainment game. qq. com
R search baidu. com
HAT travel ditu. amap. com
N fiction www. gidian. com
HE education mooc. org
KA weather weather. com. cn
=i cloud pan. baidu. com
I ad www. cnad. com
s portal sina. com
s forum bbs. hupu. com
fide B health gotokeep. com
TAE work www. 51job. com
HE A mail mail. 163. com
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