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BiP-GAN Pedestrian Video Anomaly Event Automatic Detection

ZHANG Jie' YANG Xue' GONG Zhilong' GUAN Qingfeng'
1 National Engineering Research Center of Geographic Information System, China University of Geosciences (Wuhan),
Wuhan 430074, China

Abstract: Objectives: Video surveillance system plays a vital role in the field of security and supervision.
How to automatically and accurately identify abnormal pedestrian behaviors or events with potential securi-
ty threats from videos without human intervention, and reduce the pressure of manual review of a large
number of video surveillance images, is one of the current research hotspots in the field of computer vision.
In recent years, the rapid development of artificial intelligence technology has greatly improved video anomaly
detection technology. However, there are still challenges in distinguishing subtle differences between abnor-
mal and normal behavior in changing and diverse environments. Methods: We construct a new video pedes-
trian anomaly detection model based on bidirectional prediction generative adversarial network (BiP-GAN).

The model mainly includes CCA-U-Net generator and Globle—Patch discriminator. The advantages of op-
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tical flow model in capturing optical flow changes and image sequence motion characteristics are used to cal-
culate the loss function of the generator and discriminator. Based on the classic U-Net module, the criss—
cross attention (CCA)-U-Net generator introduces CCA module to enhance the recognition ability of the
model for the key features of video behavior. Globle—patch discriminator combines the global and local fea-
ture perception advantages of Globle discriminator and Patch discriminator, improves the global and local
feature perception ability of the model, and the robustness and accuracy of the model. The pre-training
strategy of BiP-GAN adopts the bidirectional prediction mode of the first 4 frames of forward prediction
and the last 4 frames of reverse prediction, so that the model can better combine the context features of the
image sequence and generate prediction frames with better image quality. In addition, BiP-GAN uses a learning
rate decay method combining Warm-up and cosine annealing function (CAF) to speed up the model to find
the global optimal solution, thus saving computing resources. Results: BiP-GAN is verified and analyzed
by using the public datasets CUHK Avenue, UCSD ped2 and ShanghaiTech. The average area under the
curve of BiIP-GAN is 87.3, 96.2 and 73.9, respectively. All of them are higher than the existing classic
models (such as Ada—-GAN, Con-GAN, Mul-GAN). Ablation experiments show the effectiveness of the
CCA-U-Net generator, Globle-Patch discriminator, bidirectional prediction strategy, and the learning rate
decay method combining Warm—-up and CAF for the model. Conclusions: The proposed BiP-GAN model
effectively enhances the accuracy and robustness of video anomaly detection through bidirectional predic-
tion, attention mechanisms, multi-scale discrimination, and an optimized training strategy. Experimental
results demonstrate its superiority over existing models, confirming its potential for practical application in
intelligent surveillance systems.
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Table 1 Comparison of AUC and Training Time of Input

Video Frame Sequences of Different Lengths

AUC/% i 1) /h
T=9 T=17 T=9 T=17
85.7 86.1 3.8 6.6
86.4 86.6 3.9 6.7
86.2 86.2 4.1 6.8
86.5 86.3 3.8 6.7
86.4 86.2 3.7 6.9
86.1 86.2 3.8 6.7
86.5 86.4 3.8 6.8
85.9 86.5 3.9 7.0
86.6 86.3 4.0 6.7
86.5 86.5 3.8 6.9

R2 HEMXEER
Table 2 Results of Ablation Experiment

1 i) F5E0 B i) F5 0 FE AR R CCA Globle-Patch ¥ 31 %% 2 > R AUC/%
NG N 83.1
NG N N, 83.4
N/ N, N N 83.8
N N, N N N 84.2
N, N, 83.8
N, N, N, 84.3
N, N, N, N, 86.1
N, N, N, N, 85.4
N, N, N, N, N, 87.3

FH 26 2 AT, BiP-G AN A5 B 7 f50HH 1o f) 2l 1k
PG R 55 S 25 R A R T IE T %
ASBEHXS T BiP-G AN B ALK KT B2 $2 T 1 A 2L
PEo 4 PNSREE FF 5 B, Az B Az B iy 0 i
BG5S 25 A8/ . L7 s, 2 ik
ARV B W 358 0m B, R E A S B S ()
PNSR {8 8 3 /=5 T 1F 1] 10 00 A6 Bl i G T, HL
A 5 R T T A A AR T B AR
SC T R A O ] T R AOE il A T B RS S
U i 5 LS MR Z R 25 5

Ph Avenue B 4 4 91, 6l 8 43 il @O TR
JHRC vy S50 T e F50 0 K Jsz ) A =X AR A A
By AE A TR T B S R 25 R . ARAE AT 8
SESRFTR R ORI 35000 A B A 2B B ) T o

B EME Wz 8] B 22 R f /N R UE T BiP-GAN 5
TR T T 5 L S T 2 S A3 T ) T E
42

~EFB
~ R
40} i i1 Fil

1 6 1 16 21 26 31 36 41 46 51
I H10°
P70 T 5 R AE LS PSNR HEEL
Fig.7 PSNR Comparison Between Bidirectional

Prediction and Feature Fusion
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Y I il O i AE B Ok U A2 sl FR AE 5 1 Dual-
GAN il RUH] 51 & A7 I 25k o AL 3 4 45 R w]
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AT S5 5 6 00 114 426 B AR 5 5 | 96 I 1 0L ) 50
W Bz 4 JR 1 JR) T AR A 4 A 1 ) ) 2% 15 R
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TG AR AL S e A T 40 3R A5 T 5 Y AUC,
BiP-GAN Y #1431 5 k5 Il AUC = T3 A R
UCSD ped?2 % 45 % 19 # &1 J5 35 o 7E Shanghai-
Tech B84 I, BiP-GAN BB () AUC &5 T30
A 2B Ty

%3 Warm-up CAF % 3 ZE XS BiP-GAN #5 B gy &5 Bt ] 70 3% 48 0% #8922

Table 3 Influences of Warm-up CAF Learning Rate Strategy on Model Convergence Time and Iterations

BRSNS i fi) /h BiP-G AN B i S 2 4R 7k £L AUC/%

3.8 36 000 85.7

CAF 3.9 37 000 86.4

4.1 39 000 86.2

2.5 21 000 86.5

Warm—up CAF 2.1 18 000 86.4

2.4 20 000 86.5
3 4 iE 1) LA 1 0 8 R 2 =X e g X e 1 2 2k AR R ek
U B ek B i AR — B 4 o AE RO 2k

A 5T EE X GAN [ 90450 55 5 = PR Rl 44
W7 — R LT BIP-GAN B9 4T A A S A ) A
R %R RS 7E AT N S A I I B 4 b
AR I B S T A L AR SR
H 1) Warm-up 5 CAF H 25 & 1) 2% > R gy
25, {8 A G 6% TP b 4R B 4 R SR A AR L DA T YT
AT BEUR . X 2 ) 3 U I AT AR A AR

T3 1 R LA 4 el A R ) Wi SRR D B R IR AR

A SC I S8 5 7E 28 IF B 5 CUHK Avenue . UC-
SD ped2 Ll & ShanghaiTech FE#H T BiP-GAN
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Table 4 Performance Comparison Between BiP-GAN Model and Existing Classical Models
CUHK Avenue % #i 4 UCSD ped?2 ##4 ShanghaiTech 54 45
A AUC/% A AUC/% (R S AUC/%
ST-CaAE™ 83.5 ST-CaAE™ 92.9 Ada-GAN! 70.0
CCAEM 84.0 CCAEM 95.3 FFP-GANY 72.8
FFP-GANY! 84.9 FFP-GANY 95.4 3D U-Net™®! 73.6
ST-AE! 80.9 ST-AEN 91.2 Con-GAN!® 73.6
3D U-Net') 86.0 Ada-GANHY 90.3 Mul-GAN 73.6
Dual-GAN! 85.8 Con-GAN!® 95.3 SIM-GAN!! 73.1
SGCN! 82.0 TSSTGMP" 95.2 SGCN!! 71.7
SIGnet™! 86.8 Mul-G AN 95.4 AMAE!" 73.6
BiP-GAN 87.3 BiP-GAN 96.2 BiP-GAN 73.9
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