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[ Abstract)] Perceiving and detecting crowd congestionin public spaces is an extremely challenging task in computer
vision. Research on this issue, such as analyzing the motion characteristics of crowds and constructing behavior
detection models, can provide valuable insights into_the motion traits and behavioral essence of crowd activities in
dense scenarios. Additionally, it can assist relevant public safety departments in formulating management
strategies and emergency response measures, thereby effectively preventing the occurrence and escalation of crowd-
related disasters. To this end, this paper summarizes the research efforts on dense crowd congestion detection.
First, an overview of the qualitative characteristics of crowd congestion from the perspectives of crowd dynamics,
social force models, and fluid\ mechanics theory is presented. Second, existing crowd congestion detection
algorithms and related computational models are investigated. Next, the public datasets and model performance
evaluation methods relevant to this research are presented. Finally, the application scenarios and future research
directions for crowd congestion detection are explored. A review of the current research status on the qualitative
and quantitative analyses of dense crowd congestion behaviors in public spaces offers valuable references for crowd
activity perception, behavior analysis and understanding, and anomaly detection in fields such as computer vision,
intelligent surveillance, and artificial intelligence.

[Key words)] congestion detection; behavioral analysis; crowd congestion; dense scenarios; intelligent video

surveillance

0 3= 955 ARET A o NHEIIET RIS S 37 B AR
a BB FEXT R WIS ML GE 1 15 % AR 25 [ £
NREE e — MR W MBHARTE 3 A8 RN B8 3hIrm s s B AL A T R 23 A 5
FEP R B TCIE U I R4 T BOTEE R 3 i ARSI I 3 ) 4 55 e O U S 69 &

BE®WAE: ERARBEA (62066006 ; 5104 1 RFF =4 (MRS ZLRE[202001Y261) 5 5 M K251 i A AR H (R RAEES F
(2019)58 5,

EE R VPR 2o ST A L W05 10 SR R TS DL S 5 9935 (CCF i 4 D1 GBAR VR 302 T AR R0,

Wi HEHE. 2024-02-01 1&EIHER: 2024-06-03 E-mail: bhul@gzu. edu. cn



80

£52% £38/2026 £3 A/AHENTRE

Ao NG AREE S BA A ENE . NS
BUFIRARFAEAN B S M LIRS D0 5 0 L 0 5 5 | R AT g
Bt HELL AR BRI AT O, B BO™ H A A L IO
2o G, 2015 45 Y0 22 i B K A BR s T s
J 1 399 NFET. 2022 AR E 1 /R AR B NAEHIBTBR
B EL 158 AFET, 2023 AFPEIE" 2 M RUEAT "8 AR 1Y
NS 19 AFET-LA M 342 N2, FEREH 5
2 AR B R . A S i AR AR e A s
e H BT R AU D) W 2 S A B 5
AEMRTE A 4 S ARG A R

TS5 ] /-t DX IR e JRE AL 3L 37 o A 22
SxfR] L, AT A G B A ik ML, LBk TR g B
2020 AF |- o7 BURFASA (O T i 2 37 BT AR 3R
e B A B T ) ZORZE I R R A
B AR it 4 A ARG DA AL A A0S 2 S A
Ao N RALFNE [ 55 B 2023 4R & (s A e it A
SRR A A PRI ), SR B Fe A A ) 1 K
AR AR GO S, BTSSRI S IS I L5 751
e AR 5 547 0 REA RO 4823 3L 9 e AR X
SR RS SR, Al S 5 B A R B T
SR AT RN 5 T , A TR AT
AE A U A AT IR

WFFE NHE T 20 H AT 2205 S AR oy 0 |
AT AT CBREES AT o B A S
TE T RS M R P T AR . S AR B A
RN A A /0 e FH AL A R S e ARG 0 A6 84
PR AR ENF AT DS = A1 0 . A
BEROREREAN o TZ AL RE 1 55 L 7 370 PRV 22 25 iR
BUA IR BOR i) itk 5 55 —J7 1 BEA A AR SCHR
TRBIRFE R R 2 B ke = BRI 9 £33 PR I
DAL Xt 5 T St AR TSI A B AT 5 BRI
JRVHADTTE . BA B AR R LA R TR AE 1Y) TR
A FET I A SO RO T e Lr i M A 5T
AR AT RANTT < 1 M P R A 5 A AR A 41
BB AN BT 2l 1 2 R AR AE s 2) I\
SE A N SO BT A I (7] 25T 4 BAT T S A 7Y
PEATINGN B2 1 T RS 2 R 5 3) R BT 5 i) el
AR L 25 TR R P ERETEAN Tk

1 EEHAR

1 R o SR A R B 5, o R Ay
N RS TR X3 A AR B A Bk hoi, 4n
1P AR B AR A N8 D 3l or ANHE
BAREEE 30 A~F 6 A, b, g
YN T EEN

(SRR @ BRI B
B 1 ANEEFRRHERG

Fig.1 Crowded crowds and disaster cases
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Fig.2  Analysis of bottleneck evacuation and crowding
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Fig.3 Crowd evacuation test
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Fig.4 The relationship between crowd singular pressure momentum and density
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Fig.5 The development of crowd congestion detection technology
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Fig.8 _ Congestion detection results of machine

learning representative models
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Table 4 Horizontal comparison of SOTA models performance
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Seq30 0. 45 0. 45 0. 64 0. 40 0.43 0.32
Hseq01 0.96 0. 94 0. 38 0.29 0. 34 0.27
Hseq02 0. 94 0.92 0,34 0. 27 0. 33 0.21
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Hseq06 0.93 0. 93 0. 33 0. 25 0. 31 0.20
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Hseq08 0. 86 0.87 0.23 0. 19 0. 20 0.15
Average 0.76 0.73 0. 39 0. 29 0. 34 0.23
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Fig.14 Smart scenic area tourist flow analysis platform
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