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Research on Crowd Evacuation Simulation Based on Improved MADDPG

YANG Yu', WANG Xiang, JIANG Xiaowei, SONG Qiang, CHEN Ruotong, DAI Hongwei
(School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: With the rapid development of society and economy, the population density in cities and public areas is gradually increas-
ing, which increases the difficulty of evacuating people in emergency situations. A crowd evacuation method based on the Improved
Multi Agent Deep Deterministic Policy Gradient (IMADDPG) algorithm is proposed to solve the problem of high-density crowd
evacuation. This method introduces attention mechanism into the deep reinforcement learning-framework and improved Social
Force Model (SFM) using a dual layer control strategy. At the macro level, an improved MADDPG is used to determine the leader's
evacuation path, while at the micro level, an improved SFM is used to develop obstacle avoidance strategies. The experiments in
multi-obstacle areas and high-density environments show that, compared to traditional methods, this method improves evacuation ef-
ficiency by an average of 16% and reduces evacuation time by approximately 17%. This study combines the improvement of deep
deterministic strategy gradient with the improvement of SFM, providing a reliable solution for personnel evacuation in large spaces.
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Fig. 10 Comparison of crowd evacuation effects of three methods without obstacles
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Table 1 Comparison of the evacuation effect of three meth-
ods on the number of evacuees when the number of evacuees

is 300 (number of remaining personnel)

S BT[] /s
=5 =10 =15 =20 (=25 =30
SFM 202 155 121 96 38 0
MADDPG 182 136 103 77 23 0
IMADDPG 179 126 78 35 0 0




W R4 HE Tk MADDPG 512 19 ARG EAF ST 141

K2 ZATEERBSRBALCM LT 6 ABESRH 1] 2
Table 2 Comparison of crowd evacuation time under

different evacuation numbers using three methods
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Fig. 11 Comparison of evacuation effects with four exits of

three methods without obstacles
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Table 3  Statistical table of remaining evacuation personnel in

obstacle scenarios with the same number of evacuations
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Table 4 Comparison of crowd evacuation time under differ-

ent numbers of evacuees with obstacle

B HAEL
Tk
50 100 150 200 250 300
SFM 66.5 683 69.9 8.2 137.7 178.2

MADDPG 63.3 646 654 789 1229  160.1
IMADDPG 619 641 649 76.1 113.8  141.7
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