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China
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Abstract Unsupervised video anomaly detection methods generally use normal video data to train an anomaly detection model
through frame reconstruction or frame prediction. However,normal videos usually contain a large number of background frames
and similar scenes, which are quite redundant, leading to inefficient modeling for video anomaly detection. To address this issue,
this paper proposes a pseudo-abnormal sample selection method, which iteratively selects video frames with high abnormal scores
from original videos to build a new concise training pool for video anomaly detection based on future frame prediction. As for the
detection model, this paper designs a two-path U-Net architecture, where each path has a different sampling frequency on video
frames so that spatial-temporal features of videos can be better extracted and utilized from multiple scales. In the two-path U-
Net,each layer shares a memory module to strengthen the impact of typical training data for future frame prediction and video
anomaly detection. Experimental evaluation on benchmark video datasets demonstrates the efficiency and effectiveness of the pro-
posed method.

Keywords Video surveillance, Anomaly detection,Sample selection, Memory model, Spatial-Temporal feature
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Fig. 2 Training framework of pseudo-abnormal sample selection for video anomaly detection
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# 1 AFEBEA LR T RS (AUO)

Table 1 Results comparison of different sample selection

strategies(AUC)

CRRApE %0
HE AR 3 S Ped?2 Avenue SHTech
random-20 % 93. 64 85. 31 70. 58
top-10% 95. 81 87. 42 70. 68
top-20 %% 97.03 87.45 72.09
100% 97.28 89. 16 72.54

#F 1, random-20 U6 16 £ %W R A 5835 AU I 254 B
BLEEIR 126 BYREAM AN it , S FE Rk 20 Do b s ik 4L,
top-10 %0 F 7R BEHLEE I 126 BUREA W46 AL AR BY , 2 4 3% A0 A
AR TP BB 23 BT 100 B O S RE A I AU it L OF A8
Bt b I 25, B 2 K 1000, top-20 26 R BE L %
B2 00 M REA BT IR AR AL K AR 2505 X5 top-10 20 M1 IA] L B
ERRFFEIK 20000 LSRG LB T O S RE A L % U7 R R
TE 3 AN BOHE 4 vh 249 BURE LU R BIL 32 9 T 4 98000 I R E T fh
SR A 1 5 7 1 BE A TR /N U AR NI LT L A LB
HLJ7 BT REER FHAG MM GE . P top-20 26 1 35 3 W 8 08 B U
Ho PR AFTE AN R b RO 6 I 4 E L 3X R W] top-20 06 A 7 3k
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AR/ DR AT il A I S 0 /b B R A
2 PSR R 3 R R W X 3 A 25 S AR R 1 5% R
Table 2 TImpact of pseudo-abnormal sample selection method

on training time and accuracy

0k AR AR # i /h AUC/%
Avenue 100% 22.2 88. 45
Avenue top-20 % 2.5 86. 81
MNADL!) _
SHTech 100% 35.8 70.51
SHTech top-20 % 6.3 70. 16
Avenue 100 % 17.8 89.16
Avenue top-20% 1.8 87. 45
SelAD
SHTech 100 % 34.0 72.54
SHTech top-20% 5.6 72.09

i FH ORS00 REAR SR 6 T T U UI 5 3l 4 0 oy I 0 1 4 4
B9 20% .7 Avenue 1 ShanghaiTech £ #54E b A FE B 43 B Y
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(I R4 e = i g
4.2.2 A M4
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AR e ARG R EE R HAR. IO AR AHT
PR S5 i DO 650 35 e 0T B B 5 LR , DA R 5 5% X B vk R
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Table 3 Results of video anomaly detection on whole datasets

(AT %)
H Ak 5 VS Ped?2 Avenue SHTech

Hasan % [4] 84.98 80.05 60. 94

Yu 415 97.32 89.61 74. 80

Chang % [16] 96. 52 86. 38 73.32

Wang % [35] - 87.01 79.30

Nozai?m Georgsu 47181 99,82 92.82 90. 18

Li %36 95.10 88. 80 73.90

Hao %[17] 96.91 86.62 73.79

Zhong % [37] 97.70 88. 90 70.70

Chang %381 96.71 87.13 73.70

Liu %6 95. 43 85. 11 72.80

Park %11 96. 91 88.45 70.51

U-Net based  Gong % [26] 94,13 83.32 71.12
Fang 4[13] 96. 20 86. 80 —

SelAD(Ours) 97.28 89. 16 72.54
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TR I, Chang F5 Bt 1 4 51 56 1 T 40 W FIE 3 R AE
B XL 1 e e A R il e 2R 218 4 48 A i o A1 O 4 5 i
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BB U-Net P94~ 73 52 HE % K 8 200E B2 () I 28 43 4iE 72 Ped2
Ml Avenue IR 4 EHIAT T A 32 1wy R B, 430k
97,285 H 89. 1604 . XN g # 4 4 Ped2 1 Avenue 15>
P AR AR T T P N A RN L L AR B 1 AR BE A R
FHIBFH . A EFE U-Net SRS B Mk 7 [6) 4
A 28 AR A e, DR SRSB4, i T U-Ner REIE 3 BRER
T HE VD R AR R AR R R L BT b S Bt R /T 4%
2, W Lin %57, Park MY 1 Gong 5870 2 1 9 7 ¥ 18
Ped2 Ml Avenue bRy EIA LUK, $iE4E ShanghaiTech
FEAESE R 50 CANSE B TR o 5 ZE T 0 OG W A ¥ 38 Sl FR1E
PRt S EL Bk . Park S0 A G2 A2 BT B s Ak OE B L
7 BRI B 2 005z B AL B9 U8 4L . 7R ShanghaiTech £
L RIA D, Liv FHOT 50T A 6 AE S LA S
FOIEAE AR R T HERE . T LA B AR ST R A B U-
Net Ji 24 it 0 ) 25 LA 58 K0 B 25 RRE i BE ) . 45 & %
JRICAZ 2 2 7 B s AR R W B AR R R L TR 3 A BE 4 b
YRR TIFHE LGS R,

4.3 HBRIEIR
4.3.1 % U-Net
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Table 4 Impact of different two-path U-Net designs

CRAT 2 %)
Method Ped2 Avenue SHTech
Slow 95. 68 86.72 70. 65
Fast 95.81 85. 80 69. 23
Slow—>Fast 96. 87 87.46 71.62
Slow=<Fast 97.28 89. 16 72.54
Slow + Fast 97.37 89.15 72.31

Slow F7R AT 73 32 . JF 16 48— 2 51 AL AL B By 25
ol TOLZ R RN S RE, HRIEOE, R 4P TAT
B Fast 278 UM AT R 23 32, IR AR B — J2 51 AGC A2 B B i 25
oW TR SO L M TR AR T RRAE AR L AR LU S B 1 ) S
T ORI T, Slow—Fast 2R B3 3278 40 1,
R A% 70 3O B 40 32 Ll BR R JE B A R B R TE R — AN BR
J2 I e AR AL 5 T B A PR S SCR Tl R T BRI
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Fig.5 Results comparison of different frame rates
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Fig. 6 Error maps of the proposed method using multi-memory and

a single memory
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Table 5 Impact of multi-memory and single memory on accuracy

CHAE %)
%/ BRI P SHTech
R S 72.54
BT 7 71.08
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Fig. 7 ROC curves of three selection strategies

X 3 R BERE NG P, top-k B RN T L ran-
dom-£ il bottom-k FIF AR . LI 45 R K B, random-£
B R W 7 WK A BE P b R BRI B L X RE T R 4 B R — e xf
R A5 I (E B9 LR . bottom-k £ 5 % 4080 S (1) &
AR R AL AR ML i A5 DI 25 v DI e AR R 7 B 09 L BT T ) AR
ik i . #%F random-% Fl bottom-k Y Il 2k th Bl 21> 5 5 4 B
ZXRHAEAR B, BT S5 0 250 80 ARp FiF 40 5 18 0 738 2, = R DU A 2R
s, A FFARE K/ REAS & BEAT I RS B0 T L 3 T 0h
FHREAS BB 5 1k Crop-k) 1 2 B B A, 1T & /8 S A I Y o
RS

NTHE EH WL 7R top-k Al bottom-k 1% £ 5 W& 7E YIl Zk I
BB FEL5 2R A SCHE ShanghaiTech 04 8 14 P9 & #E 47 T %
FLAEER . AR SCTE S AR ISRt of R I 4 P UE B R



MRS A D R R BRI B0 25 T R LA S AT

153

2000% 3000 = [H] ) B 3E 90450 it 1 47 7 0l WAk o, 45
& 8 s,

(a)top-k

(b)bottom-£

TRl 8 AN T JE 426 5% Wik 1) TR 6 45 2R (R F R R TBD
Fig. 8 Selected frames of different selection strategies
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Fig. 9 Results under different selection budgets
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