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Crowd abnormal detection based on pedestrian group
movement information expression

Zhou Shengyun,Zhang Xuguang, Fang Yinfeng

(School of Communication Engineering, Hangzhou Dianzi University ,Hangzhou 310018, China)

Abstract: The crowd anomaly detection is an important research direction under intelligent crowd surveillance technology. In the existing
methods, the first step of anomaly detection is to obtain motion information. The traditional way of uniform chunking of video frames does
not guarantee the integrity of pedestrians, and the extracted features do not accurately reflect the motion status of pedestrians. In this
article, an incremental crowd grouping method is proposed, which firstly combines crowd motion field with frame difference method to
segment the image to obtain crowd foreground. Then, the direction group is achieved, which is based on crowd motion direction.
Finally, Spatio-temporal information is combined to re-cluster the direction group to get a more detailed pedestrian group. For each
pedestrian group, the crowd energy feature is used to characterize the overall pedestrian motion information, and the ring block energy
histogram feature is constructed based on the energy field to weaken the effect of pedestrian limb swing, and finally combined with the
image appearance features for crowd anomaly detection. Experimental results show that the proposed method achieves 83% and 92%
accuracy at frame level and 64% and 83% accuracy at the pixel level in two different scenes, which is a significant improvement
compared to the traditional method.
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Fig. 2 Marathon video frame optical flow field
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P9 UCSD Ped2 Bt th oy AU K U2
Fig. 9  Grouping and anomaly detection results in UCSD Ped2 dataset



% 6 1

JitiE 45 HET AT NIE S BB R G S A 227

Pedl il Ped2 FYMIZAIR RS ROC HIZEUNIET 10 A1 11
Frw, 38 AR SRy 7 ik 5 4t & J3 BE AL (social force,
SF) I Y6 A ME R 3 U4 43 BT ( mixture of probabilistic
principal component analyzers, MPPCA) U B ARSCHIR A
(mixture of dynamic textures, MDT) ' 432 S5 80HIR
4 (hierarchy of MDT, H-MDT ) "* | i} 25 40 & ( spatio-
temporal composition, STC YEER 25 M 4 ( residual
network , RESNET) (23] V3 2 242 2] 7 15 (incremental
spatio-temporal learner, ISTL) 61450 T g SR fn2 pr
N ARSI 5 22 A J5 AR HE AR W AR It 2031 b R AT 1
e, W AUC fERA 16 Ped] B AHLL T 3 FhJr
PR 53 3 1 T 16% \24% F 1% , fEAR R L 5r
S T 44% 449% 1 20% , I HA53% 3 Fi A HEXS 1z

100 -
80 -
=X
5 60
3H
E
X 40 -
20 1
00 L 1 1 1 |
0 20 40 60 80 100
PR P2 /%
(a) WIZROCH £&

(a) Frame-level ROC curve

#) EER EEAR, M TR WF I3, A SO ke mig -
W T 1% F1 8% , 75 H-MDT H1 STC J5 75 1E EER
EXF LG F WS AR 7 Ped2 ZUHRAR Y AHLL THT 3 Bl ik
M EE T 37% 23% 1 9% AR E 4 | B 4R
R T 40% L b, 5 RESNT J7 M e 7E ik Bt T
9% , 55 STC FIISTL 5 iAH L AEmig bt (H 0 R A9
EER fA#$i#—2% . WA 5 A 4 SCH I 4E Ped2 5K
PR ZA T Pedl X J& F W #E Pedl BHESE T H T
Yy 5 sE e, S EOGT I 0 HE DL TR 4 4 AR
Apgs LIS T J5 2200 5 5 A 25 58 . B sk U, AR 3¢
BT A AUGRIE T AT AR 582 i
FEAER) FAT 2R VR 55 Rl s 0 L RBAR A R il 1 >k | i
B AR 2 (5 SRR RN 22 A0 1Y) S R AV

HFHE%
5 3 ]
T T T

[}
=3
T

f=3

| 1 | 1 ]
0 20 40 60 80 100

BRI 2 /%

(b) BRELZROCH L&
(b) Pixel-level ROC curve

& 10 Pedl F4E4E ROC %k
Fig. 10 ROC curve of Pedl dataset

HBAPEZE/%

0 1 1 1 1 |

0 20 40 60 80 100
B Ba M2 /%
(a) WIZKROCH1 2%

(a) Frame-level ROC curve

EFE /%

0 | | | | J
0 20 40 60 80 100
R BH /%
(b) BEZROCHI £
(b) Pixel-level ROC curve

Bl 11 Ped2 #¥E4E ROC Hhk

Fig. 11

ROC curve of Ped2 dataset



228 oo ® ¥

{1 43 %

R1 Pedl HHREMPAERL TH) EER {EF AUC {EELE
Table 1 Comparison of EER and AUC values at frame

level and pixel level for Pedl dataset
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RESNET!?* 0.72 - - -
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Ours 0.83 25 0. 64 40

K2 Ped2 HIREMAFNER T EER {EH AUC EELE
Table 2 Comparison of EER and AUC values at frame

level and pixel level for Ped2 dataset
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Ours 0.92 14 0. 83 21
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