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Crowd Behavior Recognition Algorithm Based on Combined Features and Deep Learning
YUAN Ya-jun LEE Fei-fei CHEN Qiu
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,Shanghai 200093, China)
Abstract The target of analyzing crowd behavior is to better analyze and manage the state and tendency of crowd
movement. This paper proposed a novel deep learning based crowd behavior recognition method by using two types of
crowd behavior features. Firstly,the crowd is regarded as the main object,a foreground extraction method is used to ex-
tract the static information of crowd, and the dynamic information of crowd is obtained by the change of the crowd
movement. Then two different crowd behavior characteristics are learned by using convolution neural network (CNN)
model, so as to analyze crowd behaviors in the end. Additionally, the extraction location and interval of crowd data are
crucial factors in the crowd behavior recognition. Experimental results show that two crowd characteristics can better
describe crowd states on the spatial dimension and crowd changes on the temporal dimension. The rational data location
and data interval can effectively improve the expression ability of crowd information. At last, this method was compared
with other crowd behavior recognition algorithms. The quantitative and qualitative experimental results demonstrate the
validity of the proposed method. Besides, better confusion matrix and higher precision can be obtained by this method.

Keywords Crowd behavior recognition, Static characteristic, Dynamic characteristic, CNN,Data extraction
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Table 1  Confusion matrix

Actual . .
Positive class Negative class

Predict

True Positive(TP)
False Negative(FN)

False Positive(FP)
True Negative(TN)

Positive class

Negative class
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Table 2 Confusion matrix for classifying crowd states in this paper

Actual

Predict Gas Solid Pure fluid Impure fluid
Gas 0.95 0 0 0.05
Solid 0 0.729 0.243 0.028
Pure fluid 0. 06 0 0. 994 0
Impure fluid 0.012 0 0.425 0.563
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Table 3 Confusion matrix for classifying crowd states in

reference [ 6]

Predict Actual Gas Solid Pure fluid Impure fluid
Gas 0.75 0.06 0.16 0.03
Solid 0.02 0. 66 0.29 0.03
Pure fluid 0.09 0.24 0.52 0.15
Impure fluid 0.14 0.08 0.32 0.46
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Table 4 Comparison of different network structures

CNN network Accuracy/ %
static feature CNN 82.6
static and dynamic feature CNN 84.6
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Table 5 Categories of crowd behavior

Crowd behavior categories

Highly mixed pedestrian walking

Crowd walking following a mainstream and well organized
Crowd walking following a mainstream but poorly organized
Crowd merge

Crowd split

Crowd crossing in opposite directions

Intervened escalator traffic
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Smooth escalator traffic
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Table 6 Comparison of experimental results of data location

Data location Accuracy/ %
front 78.0
median 82.6
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Table 7 Comparison of experimental results of proposed algorithm

with other algorithms

Algorithms Accuracy/ %
Shao et all!’ 70.0
Burney et alltt 70.0
Ours 80.5
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Table 8 Effect of crowd information on this algorithm

CNN input Accuracy/ %
original data 77.4
crowd data 80.5
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Table 9 Effect of light on this algorithm

gamma Accuracy/ %
0.2 81.9
0.4 79.2
0.6 78.3
0.8 79.6
— 80.5
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Table 10 Running time of proposed algorithm

Validation Period Time/s
95videos prior disposal 609.1
(950frames) prediction 3435.7
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