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Abstract: Video anomaly detection plays a crucial role in social governance by utilizing surveillance footage , making it a
crucial and challenging topic within the field of computer vision. This paper presents a detailed classification and review of
current key video anomaly detection methods from a deep learning perspective, analyzing existing technical challenges and
future development trends. First, the paper provides a comprehensive introduction to the definition of video anomalies,
including the delineation of anomalies and video anomalies, the five types of video anomalies (intuitive anomalies, action
change anomalies, trajectory change anomalies, group change anomalies, and spatiotemporal anomalies) , and the three
characteristics of anomaly detection (abstraction, uncertainty, and sparsity). The paper then reviews the development
trends in video anomaly detection research from 2008 to the present based on the digital bibliography & library project
(DBLP) database and provides a detailed analysis of the progress of fully supervised, weakly supervised, and unsuper-
vised deep learning methods in the field of video anomaly detection. The core innovations, structures, and advantages and

disadvantages of each method are discussed, particularly focusing on the latest research advancements involving large mod-
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els. For instance, some studies address the challenge of applying virtual anomaly video datasets to real-world scenarios by
designing anomaly prompts that guide mapping networks to generate unseen anomalies in real-world settings. Additionally,
some works have designed dual-branch model structures based on multimodal large model frameworks. One branch uses the
contrastive language-image pre-training (CLIP) visual encoding module for coarse-grained binary classification, while the
other branch aligns textual features of anomaly category labels with visual encoding features for fine-grained anomaly classi-
fication, surpassing the current state-of-the-art performance in video anomaly detection. Furthermore, research has
explored the potential of using GPT-4V, a powerful large visual language model, to tackle general anomaly detection tasks,
examining its applications in multimodal and multidomain anomaly detection tasks, including image, video, point cloud,
and time-series data across various fields such as industry, healthcare, logic, video, 3D anomaly detection, and localiza-
tion. The introduction of large models presents new opportunities and challenges for video anomaly detection. Moreover,
the paper introduces 10 commonly used and latest datasets, providing a comparative analysis of their characteristics and
presenting detailed content through figures, along with corresponding download links. These datasets play a crucial role in
video anomaly detection research, and this paper offers their comprehensive evaluation. The paper also introduces four
anomaly determination standards (frame-based, pixel-based, and trajectory-based) and three performance evaluation stan-
dards (area under the receiver operating characteristic curve (AUC) , equal error rate (EER) , and average precision
(AP) ), and conducts a comparative analysis of the performance of various algorithms. The strengths and weaknesses of
current video anomaly detection algorithms are summarized, and suggestions for improvement are proposed. Based on this
information, datasets may have become a bottleneck in the development of current methods. In complex real-world sce-
narios, research methods based solely on simple scenes may not effectively address anomaly issues in the real world.
Future datasets will aim to better reflect real-world anomalies, such as collecting data from the remote sensing field,
improving the quality of existing image and video data through models, and collecting multi-camera, multidimensional
annotated data, to detect more diverse and challenging anomaly events and effectively promote research development.
Additionally, in terms of evaluation standards, common evaluation methods primarily rely on calculating the true false posi-
tive rates and computing the area under the receiver operating characteristic curve. However, in practical applications,
some methods may achieve high AUC but exhibit a high false alarm rate due to the direct influence of different anomaly
determination methods on the true and false positive rates. Adopting different anomaly determination methods may result in
models achieving high AUC performance while generating high false alarm rates. Therefore, this paper proposes the need
to design an evaluation system that simultaneously considers AUC performance and false alarm rates to comprehensively
evaluate methods. Finally, the outlook of the paper emphasizes new opportunities presented by large models in video
anomaly detection. The emergence of large models in recent years has substantially improved the performance of deep
learning-based methods on commonly used video anomaly detection datasets. This field has accumulated a solid academic
research foundation. Therefore, future research should not only focus on improving anomaly detection performance but also
consider the application of this field to practical problems to address existing challenges. Future research should aim to
design more fine-grained and general models, leveraging the rich prior knowledge of large models to gradually develop
video anomaly detection models that can distinguish specific types of anomalies. With the powerful multimodal information
understanding capabilities of large models, video anomaly detection models will evolve toward a more general direction,
ultimately blurring the boundaries between supervised, weakly supervised, and unsupervised learning methods. Overall,
this paper substantially enhances readers’ understanding of the field of video anomaly detection and provides valuable refer-
ences and guidance for future research directions. Through a systematic review and analysis of existing research, this paper
offers crucial insights for further development of the video anomaly detection field.

Key words: video anomaly detection; deep learning; dataset; large model; supervised learning; weakly supervised learn-

ing; unsupervised learning; multimodal
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Fig. 1 Examples of different types of video abnormalities
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Fig. 2 Overview of deep learning based video anomaly detection methods
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ALLF FH SR MTHEA T 2 B , JF SR FH A5 R 26 2 11 e B 50k
Ao 25 R 2% ke S5 6 s B, 308 ot ) ) A 7 70 P 22
% 2% (stacked recurrent neural network, SRNN) (Dong
45,2016) [R5 ] T S8, G 1 TSC AP BIRE Y
HSEERE . AL, A5 BB SRNN, 7] DL7E —IR
T ) 2 3o DAY DT A 2R 5, AT i R B T Y
TR S TSR A AEE ST —
PR BB , Toit IR B i 2 37 57 2 FEE R
A X EHE AR R LG 2 I TR S R I R B S A
WK BEAb, Acsintoae % A (2022) 42 H T UBnormal
B , X & — M H Cinemad D A i 7 4 W B 4
BT TR E A ) 2 B 5 T E
P T —FH I KR DU S o A A S — A
AW TS o3 28 IR EATHEZR AL . FEIE DT ¥R,
A 0 S AR I R 0 ) AE A D 3o 2y
BOR A0 50 R T — AN [A) 1 S 2 8 (), B
IR 2 — T e 2001, D S 5y — R 201

TEAWE 7 T HEZR T, S SR i W A
PR WS TE 5 0 S 5 A LA A5 AR X 7 B, ) o

TIZRITERN—AEEZI . RN, Al B J7 kA
PSR AT AR TR BR-AME: o S B3 e I A
R, S BOR L W R AR O PEREXE LS B R L. I
Hb, 5 I Z R 22 i I RSOR L AR 22 1S
PRIXGE o PR T 2R A AR T R , 4= B 7 vk A S
P 187 T Pl Bk A, R A IR0l A T e A
o H RN EOR ELSOAS s B o K BR T AN T
AR 2 TR o R, RS A s DT T
PRATE S i o 000 450 Sl AT A B 9 AL AL 0T i 25
$E LA OIS TAEAE 2018 4F J 5 B, HATEL A
JE AR AU A U A SRR AT T 1) o AR, 58
B B RN TC B o T T 1 T R AR TE R A K
FAE D | IR AR S A ) @3 s B A2 Wt Y F 5 D7
[A] o 30K 657V ek Y 20 o DR s T R 114 R,
AR T HCHE Wi B Ak B ) X R 5 A A DN
RTINS e R, IEAT B A e S B o o B G B
[
3.2 ETHEENGE

TEANAT S A 0B, 533 M B 7 4 ) 22 i, 4
WAUbR T8 2R Wl AR R G0 B AR J7 5K, X
iy R EIHFE R A NI g0 MHELZF,
5553 Mo B DT VR AN R BN IUEAT AR K P Y
AR T e TR O | B R Y A TR S s R
5 ORI TR TAE B T4 & 1 FR iR,
I RECIND s e GO e S walll I DB L B
b1 B B A Tk B S 55 A S R
(weakly supervised video anomaly detection, WVAD)
D5 o X AP J5 i R AL T 2 900 %4 2 (multiple
instance learning, MIL)AHE 2252 B, JEA T4 Jii A& 4
K7 R

Sultani 55 A (2018)# H 1 A KOMAR 58 M B 4L
A S R I BN L BT P b R T 22 4012 > i
55 B L e A I Tk L O H RIS
DTS2\ W {4 R L (B2 B LA S I T | B
PSR by B, 5 A I 72 U0 93 oA 324 F BEA 2 MIL
H S o 6T MIL, M TH R T TR B 22 S 0 HE 44
HEZRSR A7 ) IX G TEH RS o A, i 51 A Hi it
A TRV ] S M 2 RO AR P 401 2% e, AL
gk AR E EMERR Y S AT o2 s, B
T — RGN BYEEXT T MIL 59 55 M5B 00 5 4 K
I ) Bk Ty v BT R N BL 3 A Uy 1] i AT
Ut
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Fig. 7 Weakly supervised video anomaly detection workflow

DR BR%L . Zhang 55 A\ (2019) #4512
P18 5 I 53 R g 0 ) 2 S, 482 H — RO 18 P 0 48 2K
(inner bag loss, TBL) > I8 %% 55 Wi B [n] R (%) pR %l =5
], AR i TR i AR S (B A9 X 70 . Wan 58 A
(2020) I A B2 2 9007 SR FhLo ik, DL
UMb 2 2] 5w FUE B X RRIE . B 25040 )
PR B ARG R W S 5 1E R S 22 ) B 2R N R
B T PR 28 G D) T D/ X 5 S 091 ) 288 AL R il
EH 55 I Z R IRR Eoh % . IAh, Majhi
AF N (2024) $2 i —Fh HACIE SR SR, X R AT LA
S A WA RARZE T O TR ARV L LA R AR
S AN D 288 ) N )5 s ) 2 2R SRAIE A0 B A i

)y s PR BE ) o Liu F1 Ma (2019a) 35 i
T30 i 25 23 MR S 8 S ORI B PR RE DR g R —
A iy B ity v U R0 S XA ) 5 L R AE SR SR F B
{18 DX 3458 2 e WYt 3K 0 1) 24 2% ) S DX, Landi
SN (2019) TRIT T MU 25 £ B2 2% ERUAT S A
it — P IS0 T P A S R A Y i, TS SR
P TAALAE AT R B i o BEXTILILE 3l
{5 ., Zhu 1 Newsam (2019) $& i — Fft i [1] 38 528 [
£ O SR e e B Ve /S I U S I 8 1150 420 1 1 Ml N

AZ S S AR AT DL 2 R AR . 1
Hb B RUATURRAE Fp ¢ I [B) JE A4, Tian 55 A (2021) 42
t1 B 4 ) (] 457 AIF I B2 2% 2J (robust temporal feature
magnitude learning, RTFM) J5 o 1% Jy 3 1 Il 2k
—ANRHE MR B2 27 )RR BORAT SOOI IERE A, 1 25§
TET MIL J7 36X 50 A h A RE AR Y & e . R
M7, A7 275 48 HY RTEM AT FRAAE B 3R S i R
WA SRR, 2B s . Wi,
Chen 55 A (2023) 22 Hi —Ff 57 A 39 000 58 £ 0 2%, g
AN ZE R SEPER A0 S A . A, 55
B i) 2 A ) J7 1% (Huang 55, 2024) 5] A T Trans-
former I A RFIE 2R 5 e LASE 2R A0 7 B ] 1 [ G %
R, LA K 51 0 500 R i i b e T RO 1)
AELARE— 28 DX 1E AL Bt
3)PEALSI AR TSR o A0S SR %E Th A AR
25 HARAL AR A TR, G — o g ke 5 302 A i
PAFRZS . Feng 55 N (2021) $ H 3 T 2 5261 /9 th b
B g, M 22 5240 D s 25 H RS SR P s i 125 6
SR SR W R 7 A SR 1) J B O AR2E , H R AE
TR IBCRAIE B [ I E A 2h 5 T b 59 52 5 XB
P R AR . Zhang % A (2023) 48 1 T BB
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Be AT, A3 DR, JFF T X SepR %8
PRV B TRTRIMERE . ) —Jr s A
g XS FREAS . 140, 7E RTFM (robust temporal
feature magnitude learning) (Tian 4§, 2021) 77, i 13
T IEAEAS () LA, 7 Y1 Zasd 72 HPoRs 00 0 1E R A
HRRAIE i B2 HEFE T =44 00 TEAEAS L Ry AT AR TEAE A,
TR, LU 58 s A I 2Rt . B2,
H T A [7) K 40 2 1 B A 52 451 LG 90 AN [R] , Wang 55 A
(2024b ) i — 2L Hh —Fh Sl 28 S0 e LR, RETE VI
Yrid R b [ 38 N PR F i R AR R 5 2 5
PR WD S PRIC AT E . A, AR IE R
55 S R AN 7], He 55 N (2024) 4 i —
o 308 2 X S AT A T X e R R AR I R s o
EITIE AL AR AR s — > J2 TR0 i 3 i 11 2
BB, 38 o B T 0 A 25 ] ) 0 AR AR AR ok A7 4L
Pad o ; o — R B TR R AR sk, DL ROG
VS W A AR BB 2K

% 17 T ML 9 30555 M A S o A DU 14 7 2
Hb A Z R R Yy EE AR LS o Zhong ZF A
(2019) 42 Hy — 5 A7 W 1E 8 P B 2 10 IR AR 22 1)
%% (graph convolutional network, GCN) , FH T fif ok W
B IS PR AR PR R, 205 RS B R AR
ZEME TS JFA A W B S o3 28 A% L 21 5 i S
G e, 92 B e R PR b ) Y A Y 2 s o ()
i, Liu 25 A (2019b) 4 i —Fh i1 bRy > i A F 7
T A ) T R R Y E A B A R A v
ARG DU 8 14 B L TR LA AR WL 2 1) 5 6 1
DU AT RAF IS . Wu 458 A (2020) $2 5 1 24 7
PR i R 14 5553 Mo B M S A U 0l 4, X 2 — 1>
[Fi) Fof 6, 25 4L A0 AR 5 AT 1) KRR ASE 22 37 S a4 L 1D
XD-Violence, I, ffiTid it 1 —Fh g5 g %
R 7, AUl 2 bt U800 R bR 28 I P ) @, Ram-
achandra Fll Jones (2020) 5 | A Z2AE 5 B 28 X 25 (sia-
mese convolutional neural network, SCNN) , J] T2
PUAT P 22 1] B4 P B 8 ek o 50, 0 T U S i A
Wan 55 A (2020 ) H5 BUH 5 1600 7 5003 i B ot
AR BE S H VE 230 1A R) A, I et 1 S [l 05 )
2% P 3l 285 22 92912 2T 451 2 R rpu o4 2k ok BE 4 b
o7 2 SRR B R X RRIE . Liu 88 A (2022) R H
Te B R B Bl At g I 25 A s 2 A5 R
R, SR 5 I8 0 S RN 5 DA R, H b 2
i S AT 708 00 v TR W U R R A58 00 o

J&i S5 H AR P AR 3T A5 23 9 R BRI R IE
WAL, T T R0M A shgm i as . ol E A sh g Y
55 55 W B I AR 5 A, SR IBCIE B P B Ay i U AR
Tk, DT BE 225 5y DX 5325 20 3] 04 T8 0 S AR AE o
Karim 85 A (2024) A A J5 12: KM T8 531 14
I SR AR L o ST 451 2%, AT R i) 145
TSI AGE I S H BO RE ), 4 1 — ol S e i 32 )|
10 583 M B AR R 7 o O AT DL BN
J 6 s vh A Bl A R AR i 31 g b S BRI
AN AR IR IX SRS A S A D Ak
T 2R R A EOR T B, iz U i i — 20 ke
e T B TR

55 B R MR R R S OB R —Fh A Oy
28, T 3ok Ry R S A R (A B Y AR AR T
REMR T AR TEARH, S8 TR A R I R, . T
MIL (1 J5 ¥ (Zhang %5 , 2019 ; Wan 4% , 2020 ; Tian %5 ,
2021; Feng % ,2021; Sun %, 2017 ) J& fie 5 UL 1) 55 W5
Bk B8 B Ik A MU GhR T 5
BRI ik — R AL R A5 B IR B i Bt
Z MY S RN K OF BAEREH . A TR
BT W s EE T OT O 5 e R
R TETE ST o SR, BUA 58 e B O AT AT SR BR- A, 2
XF 85945255 SRR 2 (Tian 55 ,2021) S AU K
(Wang 55 ,2024b ) , LK fift = SR A0 S 4G A
T
3.3 ETREEMNAE

T 0 1 22 X 2% 75 1 (LeCun 4%, 1998 ) 178 25
FEARAT W RIREASRIC S, TR AR I EL A5 0 ) %
BIH . RIS 2GRS , KRBT & J7 ik LAy
A % 25 (variational auto-encoder, VAE) (LeCun 2§,
1998) Jy HE Rl HE S , 30 4ok o g 58 2 R HUnl) o, Lk
A TAEAE A 8 R

Chong F1 Tay (2017 ) $& tH} — 7l it ) 373 1) F 2 1%
i, U T AR GE Y Je W 2 23 T ik (AN i 2 0 7
2:), o T AU I AR, BER8 A S fl Uk
fifs Wang 55 A (2018) 42t T Xt A 2 a A ek, %
FHBk I % 22 10 & B 53 H S i 4% (skip convolutional
variational auto-encoder, SC-VAE) Fl M & 4 1% $ 48
7 H g5 45 (stacked fully connected variational auto-
encoder, SF-VAE) ) 21 & ™ 4% S2-VAE (skip and
stacked convolutional variational auto-encoder) . SF-

VAE 11 5% 3845 28 (0 J7 1R & i ALk 400 & 52 PRk
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Fig. 8 Unsupervised video anomaly detection workflow

P& 4347 , 17 SC-VAE W F] F CNN (convolutional neural
network ) . AE (auto-encoder ) 1Bk BR % $ (YR £ H
T 2%, LASRICHE 425 1) RAEFFE . P 1Y 45 & i
— AR T R RIIPERE . T AR B AR XL
WUE R oz 3 AN LR B R 4R IOCRE T, Ye SN
(2019) Al Yu 55 A (2020) 47 T #E— At . Ye
N (2019) 35 8 T I FH IR B2 4 28 X 2% (deep neural
network , DNN) B 1119 F50I Z A A5E B | LA 5 4SS 80 %ok
iz 215 B i FI A , If 2 % U-Net (Ronneberger 45 |
2015) B 1R 2ZE AN, NI B 1 15 F 5
ZIEMEERZEZES . YudE A (2020) B3 770
FIZ Bl H AN (LB i J PR PR B L A
AGERERA T — M SE IR A A R (A
TR 2= B 0T SR Y 2 A R T o 5 2k A IR Al
LI HR K L B AT 4

1 R ZE R BT 7S /Y B AL | IS SRR 2
It 1) G TR AR X AR e A AU 3z 3 R 7S S B
B HE % . Rodrigues 55 A (2020) Fl1 Georgescu %5 A
(2021) N Z2A B[R] RUBE X S 8 HEATRIFST, O H1 5
AT SCAAY R ] REEAS J LA AR 5 A (] e [ 45
LA TV L SR . Ye S8 AN (2019) 4R —Fh £
I 1) ROREEASE Y, AT 47l AN (] B ) RUJEE 18 B[] 3l 25
L2 2 KGR 265 78 S AN BRI TS LT
Az AN TR ] RO 09 S i S 0N .- Georgescu &5
N (2021) LA =245 R 28 0 28 S Bty JK 52 > %2
ACBRAE 55, 645 X 53 18] Hil /0] 5 B 3l 0 & (X 43
T 28 /1R BT X G R R A T B A A
Ko IR A T 2 R R A R R A

B HT R 5 o 538k, Luo 48 A (2017b) 4 i —
T A & BLK 812 12 M 4% (convolutional long
short term memory, ConvI.STM) (Shi %% ,2015 )y
% ConvISTM-AE, % J7 ik RERSIC 1L 5 iz S 7 B A
LAY R A i B DR S e A, 5 = 4E R A )
I i 7% (Georgescu 55 , 2021 ) # Ho , ConvLSTM-AE Jy
A IR S B SN AS AL AZ B 728 A AT G 5 A
FRIESR B T 2R3 B P

BEAh, Liu 55 A (2018) K BAIFAR T AT 57t AR AR AE
VAE P8 7 AR RS R B 22 . I, i 17E
U-Net (Ronneberger %5 , 2015) ) F& Aty b 12 H —F 7
125 300 3 PO A e it 5 S5 P ot =[] P 22 S > A ) S
W TP FE & B0 A S e F . FEi Sk
fii 2 I, Nguyen fll Meunier (2019 ) ¥ % #1 H 2 15 %%
(convolutional autoencoder, Conv-AE )l U-Net 454,
BT T — LT A —i2 Bl 7 8 AR5 5 oA R ot
k. VEEERAZES T — A28 Incep-
tion(Szegedy 5, 2016) B, If e 275 i th B Be 4 i1
TR R T RIS TR . %y SR Al T
PEVE I3 A RUEAR 1 4 s v R A T B . TR 2R
YE (Zhao 55, 2017 ) FE— 25 1) FHAR A IR 25 4R¢ FE 1 58 A5
AU AR MR GE ) o % TAESE Hh—Fh e 25 [ 2h4
ﬁ%%%(spatio—temporal autoencoder, STAE) , #| F§ =4k
B BN AU AT ) 22 (1) AT [ 79 1 4 B i IR AT 19 [+
I, 5T A R R Mt A I AT T 451 2, AT
Kol 7LD s SRR IR 2 e T o b, Wang
ZE N (2023b) 44 ) — B T Wy AR [ 5] 2 G 3% A9 HLI
SR IT I o ZITER TR L g i R
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X AATE 25 2P 1A 2 Ta] B 25 G 22 1 B A, DT 42 /=
TR T HAEAS R SR it ) U fiE

BB SR AR A UL I 2 2545 R DG
REMEHETHRIALE R (DA BFSE R 1, A S es i T
SRR BIZ AL BE T, AT e 3 BORE L S ot it I
A5 B2 4f, T 51 2% AR BH A o] @t , S 2 46 (Gong
45.,2019) . EFXFIX—[ 8, Gong 5 A (2019) # i 7E
B 3h S ih s o] A ISR B, LLRR 485 5L 72 AL g
J1o 812 TGS #% (memory-augmented deep auto-
encoder, MemAE ) | I g 5 #5% 25 5% 4t 5 , SR J o
FRASCAS ) LA SR B AR DG I NI A T s g, e DI 25
R B , BB A i 1F R 500 A A s ZE DU B,
FEARZE G B LAY A7 it i B AP R AT 8000 . PRt
OO 25 SR e ) T TR R A DA 8 1 1E
FIS B TO0I 22 5, B TR A PERE . Park A
(2020) %f MemAE #E4725800E , 51 A > B R L 4%
PERR o 3 B MRS R AR A A7 v i B 22 ] i) 22
SR SRR 2R s B M A S5 17
fitt P R ARRL ) TE 3 i AL DG I M e KAk, AR A7 i 1)
M Tao 55 A (2024) FI FHE MBS BT T NFF
B, TP B, LA S D bn 25 AR s el —
AT B2 2 0 S i LR R, T 3R 5 N
FEREHLIC FE 1Y) T 5 2 FRE B A TE ™ 4% 1) TG
BB T U B RE . Wang 558 A (2023a) 48
. - e R\ VI e K = SN U TRl vag s i g TR
(memory-augmented
MAAM-Net) . %M 2% F| 5 T3 PR I AE S %, 97
K T icte e X | 3 PrIE RS, AT sk 1 1d
VA =

TESET VAE 8 U-Net 2514 599000 53 #4500 07 v
ZAb, Lee 55 N (2018) BT 1 1 2 ] — Ff 55 - s =3
A BORTTE 0 268 B RS S A 2 . A L VR R
FHRLIE] ConvLSTM HY I 23 R it 1 I 25 AR i
FEAR N MR T T s S g TR A AR BURRAE 2
AF G IR FEA B I 25 FRAE . 383X PR P 28 3301 7
XTI , 10 0 28 A 50 b 2% ) G R E A TE 8 Y 5
FRIFA . B )a , AR A 25 SR 5 4 B Y 1E A A
LU, G0 R i 22 0 I, DU AGE I hy S H . Sabokrou
45 N (2018h) | Ravanbakhsh % A (2019) | Vu 4§ A
(2019) | Zaheer % A (2020) Fll Barbalau % A (2023)
XoF T O 10 288 B A S i A DU 1A 7 T i — 20
5T . MATHBFSEA R i T4 2 5%

appearance-motion  network,

BB RURESSE 8™ A ad s OB PR R 2 2R o IR, $2
HERE 5 00 i D) L SRR MBS AT 55 78 Ry IX
VACIN 3 e i)/ 307 NS A< 90 e o Weir Ul B
S B TEZS 73 A 2 XT3 o o [l
SEEVSORI) T 24 iy A e o v 5 v Joi ik 1) B A U
A [ I A0 P[] — A= s 1) IR 285 3R IBUTT 45 22 1Y
7 BB B O S, A0 45 ) g BB 608 A I 7 S i A Y T
A2 IR UM . A, S5 22 A B gk
i (Lu 45, 2013b) 5 2% {F 25 WX HE /9 25 (Mirza Al
Osindero,2014) , 7543 F FH 2 M A Sl it & 9 K 1) &
TN R RS TR A A O BT 26 1 SR AR
Az, ASJEAS BE A SE BRSNS 4 AR R RCR:

o T IC B I Rt 5 R A R, — e 5e
AR FH SO R AL 5| A AP ER AR R LLIEAT 53 4G
M, Morais 55 A (2019) LAAMSZ AT Bl & 5T,
Fi ol ) A B A R0 S A v
iﬁi Ji L%ﬁ“ ffﬁ «Iﬁ Wﬂ £Z3 |X_X,| éﬁ (recurrent neural network,
RNN) , QI A 53 32 L3 31 A B4 Jay A SRy 3 i) A A4
B ARIE , JF i 8 A AP SRR AT I 03 S B AC HL .
X5 A R P SRR AE BV, B A ME B 2 DA
WAL rh U 5 A G B S8 S F . Markovitz 55
A (2020) D52 BOAS ] Y A4 28 AR AT R 2
A BIAVERT N — A HESE . O BE SR T — bR
R, Hoh A SRR AT h — ZH A Sl VR TR] 1 AR
WAPERIR o 8 AR RS He ) 7 ORI 5 i B A A
579 o Barbalau % A (2023) #2 ) — 5 | A SN IR
1) A W 2 AT 55 2% S HESE B YOLO (you only live
once) HEZEGI A HARAL S AREJL 5505 B, IF Rl
FIAT 4 =4 AL e as i . 113 L
T Z ARG B TIARCE , T4 3] e A e B DL S
M AR S A MERE . Yan 55 A (2024) A0 11
AL, T PR S AR HARSF B RABURE B 2
R AL DR 0 S AT AE S, 5T AR S 14
(CP JS/AUNESE RN :] ¥ S il W G RO =1 /N ol 1@
R R GAGHIN A B e S W A DM

B T LR AR B Z A, Lu 5N (2020) R
R /INFEA A 2] 5 T8 W B W S i A A 55 1) 45
o MEEWTT S (Finn 55 ,2017) 5 F g 45 A 45
B BT A CRIHEZR, 1R ) S0 5 4 B g H
BT W B o 7E Lu 58 A (2020) 254l -, Lyu
25 N (2021) 1 Guo 25 A (2024) 47 T 1AL, Lyu %5 A
(2021) [] BB R ZE R s i 1 n] SO s e, 05
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T, BIR, =R, KED
ETREFINEEAMIERNT ELER

AT SR B S A op E— 2P R T T AR
A N A GE . Guo 5% A (2024) 42
P — A 1 TR AT S G D HE AL figp R /MR AR i)
TE BN R B Be & S A A R T A B Y
PO 552 SO s AR AR 5 738 17 [ BE , 16 e %o
PO GR350 i 7, 5 I ZRAS Y 35 7 21 H
PRI D REA S BB PR RE o e Ah, D i R e B
2 5 5 v R R 10 DRI A TR S [ T, W 55 A
(2024¢) 4t — P REZ 11 105 17 H Ve 5 18 14 1) 265 28
MRS AS 28 T7 1% o %7 1M R A A IR 2 O 5
B ANE B BRI RS BT TIRG %
g & & 1 (hybrid anomaly dynamic convolution,
HADConv) LA Z £ 538 0 S BURFAE o #%
L ZITEAE AN AR AR 9l T R P fE
$To Cao 2 A (2024) HRAE IS 455k A YR %K
B 9 2 A R 2 1] B — SO A I S A
HE— b BE T BT SR S ARG 2R 0 T B SR AE
20, IX PRI AT AR ELAR 5T, AT LASE 20 1 iz 35 R
RTINS it

o B T vE o R s SO R MR, DR e i
I B2 432K (one-class classification) £ 45,
B TR IAAT & WA SISO RS PRt o
H, — B DA T LR X 28 B R R A AR AR B
FIFE R BTG IR, T3k e Hh R 7 # J2 XE
PR, S A bR I 2Rl i T A AR LG, e B Ok iy
WF5E S B SR A . B AT, 1R 2 T e 5 208
BB ABYIAALIE RSN, S 54 B
TIEAM LN RIPERE. SR, i T R s AN E
S AR -5 T LU x-S BT S B v ]
TR T 25 St B R I A 0, OF BB 3@
P AT R AR IR 2 A S 5 B A R PR A
3.4 ZEXRBEREARAMNFERNTT E

Bl #5 SRR 2 i , W LA M i 75 31 22
B AE B AL FRRE ) A A il A\ B 2R KA Y A 2
o RAUEE A B IO 2R W IR T B SR TE 5 Ak B
Sk, T AR A B W B A 455 PR AR A A
DB BAT S5 . U0, Google A& A 1) SCA 21| K 15
BB Imagen (Saharia 55, 2022) , OpenAl £2 H 9
CLIP (contrastive language-image pre-training) (Rad-
ford &5 ,2021) SCAR RAR VLA AY | L) 2 Salesforce $2
Hi %) BLIP (bootstrapping language-image pre-training )
(Li%¥,2022) Fil BLIP2 (Li %, 2023 ) Z A5 25 K A5 Y 46

S TERUU RN U, HRTC A — 22455 28
AR PR B TAE X S8 T AR 12 45 4ol 52 B o
ZAORCPAR

£ N T8 i€ (artificial intelligence, A1) K& 7Y
W, Prompt AE WS B 4 15 B AU B A RO 2 A JF
Y& H AR N N o 32 3] Prompt Y5 %, Liu &N
(2023) 42 H — BB 7 B9 2L T Prompt [ RR1E B 8
5 PFMF (prompt-based feature mapping framework ) ,
FH T S A 38 A BT S Prompt 51 S 1Y
WSt 1 2, 32 5 1 300 T AR L S 3 B R B Wt
f) ELAT O PRI TRY A0 5 5, M R 17 0 i 400 S 5 0000 S
G DN 5 B A I T L S8 5 B PR A, XA R S s
W EA FE M. Joo 55 A (2023) R I CLIP
FF) ViT (vision Transformer ) g5 25 1E . 5140
I b Y % 48 C3D (convolutional 3D) B¢ 13D (inflated
3D network ) FRFAEAH L, 33 R HE R e 5T AT 250 4 B
FIMPEFRAE . A AEF R T B B EE T, U
g | SRR S T OB v B, e 2 52 LA AR e O i
AT B STk

WAL AT — 2L T AR B4 L T 2 A S AR Y HE
ZRBLTT AU S W K J5 1 o Zanella 45 A (2023) #%
CLIP 5 W53 5 W A M 25 5, O A7 BE X B9 J5 1R I
o AEE DI AERIFE ARSI KT8 5 B EE 25 1]
)75 H60 W, LA A 80 A AN [) S i S 1Y) SCAR
PEARFFIERR N | B AFH D AN [R5 e Ah,
3 3 ) AR AR 2 [ (% 630 5 22 R0 B =z ] i) 4 40
WA OC R AT R E S 5, SE 4 b R T 1 R0 A I )
B . Wud5 A (2024b) $2 i1 2L T CLIP B9 XL 5) 3 45
Fag, e p—A 40 SR CLIP R 5 2 A ke o 40 451
FrHURLEE B9 — 000328 5 5 — o3 S 50 A S
FBREE BT 5 R -5 L5 G B AR AR T 5 S5 0 AR kL
R S 3 28, (AR e o G 0 1 b T
YT EAK o Zanella 55 A (2024) 42 H —Fh B T
T B S B A 5 7 LAVAD (language-based
VAD) (Liu %§,2024) , X & — Mg 8 19 . Jo 75 I 2k 1)
2, A P 25 1 R TR 5 A R (large language
model , LLM) FELAT (19 0L 52— 5 B8 LLAVA (Y fiE
VAT R R . B SRR T LLAVA Sy a0 A i)
Bt OO .l SOR YRR B T
— LR AL, DL A LM 72 i [) 3R A RIS 5 0743
it 77 T RTRE T, 6 LLM R —A A %8 L B AR
I AGL I 45 o
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SRS KRB A B PR RE LR @,
BAEDREA FBREAR B2 TP RN S 5 b 3 i
KA. Kim % A (2023) F 5k 0 U120 50080 4 rh ok
A5 B PR T R o A S 2R R
BRI R FORE 3k BE SO 1A 5 R AR 10 4 A RS B 4R
— I T o e R R AR IR i dhe
L W SCA IR | SR i 45 6 3 B8 SOA i ik AP B
AR B SO A & o HE (dH CLIP A58
T TS A WUR SCAS S 348 22 8] 19 4% 5K RE AL
KA S8 WL R, X ARBUE B8 o T 9 AT Tk
Pk, PLE— 2P S TR RIVE RE , 0 HAR T 304 1O e e B
Ti¥E o WusE A (2024a) F] FH TSI 254 1 R B AR
A AN 32 E DUFIR UL A0 57, 2 HeRETF ] I
R S5 5 G I ) A3 it g 28 3 ARG 0288 3l 7
2 (class-agnostic detection and class-specific classifi-
cation ) P /> AH 4 AH B 09 4% 55 91 3 W] 00 Ak 33 75 A4~ AT
55 o WO AR T — AN SCRRTE AR,
PIFIACK A KAE 5 B8 ERNIE Bot(enhanced lan-
guage representation with informative entities ) (Sun %,
2020) By SCHR U TR AT 55, R8T 17— A8
9 55 RS BR, 7R R R A JR AR B DALL-E mini
(draw & all image maker enhanced mini) (Ramesh ey
2022) ARSI T Az O R WL 5 AU T 00 2R 55«
X LETH SRR G ST 1 9 e 1 I R A A R 73
FeA M E WK W5 H I A RE J) o Cao N
(2023)#5 T LAai A 75 2 — b KA R B
15 5 B GPT-4V ( generative pre-trained Transformer
4 vision) fif PS5 B R INAE 55 B n] REVE . BT H 4L
T GPT-4V 1E 2R 223 5 AT 55 Hh B L
FLAE G AL s 2 R ) PP 90 S, 2 i Tl (=
7 B L, 3D S RS I R E 3 55 22 I A
B FESIE AR SRI T 2RISR ZoE
BOAEL RS K15, LIS GPT-4V /Y 5
WARLIPERE . SLEEIREW], GPT-4V 1E /AR
SRR T R I O, T R T ORB A S
RGN 5 14 5 RS T

1T AR S e A AT 5 7800 JR s 1 485 R
RO A T RE N 52 BRI A e 6 ARG T 1 ) Yt 3%
BOR o HEA B A A PR TR AT 55 2 B
WA ITERE ) I RES A RSB, PR, FeATAH
TR 4 5 R IR A DA R T A B S B R
i S0 P AR S A

4 ERBEENE

TEN TR R, Bodl £ 19 A i oA B AR 2
AISCHED 2R o B AR BB DA ] i A BT Afl o SR AL L
PREGFE L, I B TE4R 2 - A DAL A L 507 5K
R S R AT 1049 TR 42, A4
2L A IR TE (S5 HR2E ) A1 8 i A i 2wl
SR EE AARTE , FErb A 4102 2020 4F LK KA Y
Witk . MILZATAERSE , e TEEERN
PRICHE 3B B0 45 () 4R A3 17 B ey ok ) K
o P9 JRR T 4K A iy I RS LA
K, S il o AL @ T HERR I . 3 1SS T &8s
LB AT .

uUCcsD

Avenue

PO B AR F Y IE 0 S A A ]
Fig. 9  Screenshots of normal and abnormal videos from

each dataset

4.1 HIEENLE(2020FZ8)
UCSD (University of California, San Diego)
(Mahadevan 2, 2010) 038 45 F 62 Ped1 Fll Ped2 P
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Table 1 Existing dataset comparison tables

VIS AR INENS bRtk IR
UCSD(Mahadevan %5,2010) 98 10 min BHEY 5
Avenue(Lu%,2013a) 15 30 min BFEY 3
Subway( Adam 4% ,2008) 2 2.32h Mm% 8
UMN (University of Minnesota,2011) 11 5 min 178417 1
ShanghaiTech (Luo %¢,2017b) 437 3.6h BFEY 11
UCF-Crime(Sultani %5,2010) 1900 128 h AT 13
XD-Violence(Wu%§,2020) 4754 217h AT, & W 6
Street Scene(Ramachandra il Jones,2020) 81 4h Wigk FTHE 17
ADOC (Mantini % ,2021) 1 24 h it ATHE 25
UBnormal (Acsintoae %¢,2022) 29 22h BFEH 22

€ S RO R A e N o= Rt N o (ol
F7E R NATIE b E WA it . o Ped1
A AERRIC B B, (EAE IR B ECIE (Va 55, 2019) .
AR AL 98 LA F B, AL A 18 560 W, i
)1 2o 10 ming HCHE 42 A bR 10 7 3k Wi bk T
O B WU 5 5 8 0EAT 1 AR id ) A SR R bR TE (R
Fgmtrh B ME R SRR T W AT TARTE) o
B 4R b BN 2R HAL S AT NAT I8 A9 1 A0,
I v A TR R SR AT O, AT A AT IE
AT PR ek G R AE R AT
BPE T 3 BE 2 . httpe//www. svel. ucsd. edu/projects/
anomaly/UCSD_Anomaly_Dataset.tar.gz.

Avenue (Lu 5 , 2013a) £ 4 42 J2 76 28 2237 T A
JH T 5 £8 15 Sk 1048 1 a4, IR A0 5 21 A
Bt 30430 652 1, BRI B0 30 min. AR dE Y
i 07 XA W AR R GO AR T A —SE 4
KBS DK bR st i S e, b B R e AT
AT NS YA R A A K
T #BE % « http://www. cse.cuhk. edu.hk/leojia/projects/
detectabnormal/Avenue_Dataset.zip o

Subway (Adam %, 2008 ) £ 5 2 8 22 M 3
B FEHBAR A AT R B 46 A 5 th DA T
ANREAI, 2 125 475 W0, BOE AR AR T 5 XA R
SRR PR TE N S R AT O E AT NIRRT
A TJ7 1) B SR AR A5 o BdE T #0EE HE  hups:/

vision.eecs.yorku.ca/research/anomalous-behaviour-data/ .

UMN (Unehran %5, 2009) £ 56 41 3% 3 37 5%,
Oy IRAE A T R RLEE 3 Rl 3R A E S A
PLAAEE Y, SEALHE 110, B 5 min, 204
3 855t Bedn b pprid Jr s R b T, o
PARIC A S B SRR ARE SRR TR . BdE T
HHETE  http://people.ece.umn.edu/users/parhi/. DATA/
OCT/DME/UMNDataset.mat

ShanghaiTech (Luo %, 2017b) % i 4 41 & 13 4
ANTRD ' BR SR A4 A 1 3 55 L i 2 0 LA
PG v B A7 PR B B e 2 — o B g3t Ay
A37 ASHRA, S 4 317 398 Wi, Hda S M ARic =X
HWTRARIE LA S AR B PARTE R MR R
e T AT TR . Bl
F8) S S AT B R R N AT 1 o 4 | A0
WS . BUPE T 2R BE 32« hitps://www. ev-foundation.
org/openaccess/content_cvpr_2016/html/Zhang_Single-
Image_Crowd_Counting_ CVPR_2016_paper.html.

UCF-Crime (University of Central Florida crime
dataset) (Sultani 55,2008 ) £#i £ 6145 1 9001~ K 2 ik
G 4 b PG 25 S M 4 AT, 3L 128 i, 13 820600 i,
AT 13 Fh 5 280 AR AT e A Tl K 5828
TOMSHBE B A o B AR XIS T T R 4
PRTE CEERTAT 2 7540 1% S i T EA AR U , A 5 A
MUY Ay S LA, S 2 R AR AR, 2 58 M
55 W MBS 2 — . 2B BAR B R 5+
WMEZ (HRUATFZA R ZAL 140 [F— 5


http://www.cse.cuhk.edu.hk/leojia/projects/detectabnormal/Avenue_Dataset.zip
http://www.svcl.ucsd.edu/projects/anomaly/UCSD_Anomaly_Dataset.tar.gz
https://vision.eecs.yorku.ca/research/anomalous-behaviour-data/
https://www.cv-foundation.org/openaccess/content_cvpr_2016/html/Zhang_Single-Image_Crowd_Counting_CVPR_2016_paper.html
http://people.ece.umn.edu/users/parhi/.DATA/OCT/DME/UMNDataset.mat
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WA E I AR AN — R A —45 B
T 4% B $% . https://aimagelab. ing. unimore. it/imagelab/
page.asp?ldPage=30,

4.2 HBBEENE(2020F2/F)

VT JLAESR , S S R I TAE AR 1 B s
A7k B SETT AT E— 2D Ry R e . AR
R, HELE T AR A Z Fi A R 28 A B —Ay
AR TE SO AL 55/ 2Bt 1 B3 5 F e 1)
IR €T S

XD-Violence (Wu % , 2020 ) £ 45 £ f& — 4~ K HE
B2 b 5t Bt B, BUREZE A O 217 b, AU
4 754N TR B R BT A, 0 25 6 Fh i DL Y
S R R RO T R G R T (5 b
%) o AR H TS R A I R A AR A
HP AL & 1 5 W AT A A ER T T A . Bl
T &S : https://roc-ng.github.io/XD-Violence/ .

Street Scene (Ramachandra I Jones, 2020) %% ##
et th S EHR MU — 2647 AAT 4218 547 NIE R X
Rl SN, AT 81BN 17 i 5 25 A
B0 5 203 257 S IRSAIT. 2R AR H AT AR T ot
Golbrik , W S 8 S F LS AT AT AL A
TiE P W NAE o 8Os T 28 42 « hups://www.merl.com/
demos/video-anomaly-detection

ADOC (anomaly detection in object-centric video )
(Mantini 55 , 2021) 046 4 J& i & 2 $04% Sk 78 K¢ el
PIC 5% 24 h R T . ADOC B4k 45 4 4 25 Fi 55
WAL, I ELR A 1 R R ) e R 4 L KL
6 4 TP AE A Y S R AT S A AT 4 R
BE WA T e R SR A MR A A . RlE T R B
http://qil.uh.edu/main/datasets/

UBnormal (ubnormal video anomaly detection
dataset) ( Acsintoae %5 , 2022) ¥t & 42 2 i1 CinemadD
A U RE LRI AR W 5 T 29 Mg, ANk A |
KETERNIN A o 1T IS S A B L A7) e e
11, B SRR AT B R S i Sr AR
AR 55l N SR A 5 T S5 < 4 DU 0 5 20 AR
FTEE BR 2% 025 | K K TE 428 AT 3 A Bk BR 4
22FPAY BRI W 2RI IR T
SR E R Z R 2R TR R 2
BRI TERE, St T FIHERSFIN RAR%, 2 H
[ FNIER T3 = E AT R)s £ /E R TE SR TRlllk 1 €/i 8
B T A  http://suo.nz/2Rix5f

5 R ERNEREITME

5.1 REHERE

TE PR AT S5 3 R 0] 5l = 2 1) S o YA o
PRMG R BARAE . BLA B A AR T WA T X
8| B 5l B S e

1) e T W A bR . ZEMIZLARIEE T, i 5+
WA KT BER  Z W R 5 . Xy =X
AN S8 S I BARNL B TO ARG 5 0 SR H AR
TENL

D) EETHREHIIRNE . X TARER RRUE, i
Hh— i B AR R A E AR R 22 T B (L i i
NI S B WL, X 7 ¥ BB S 6 S 1 BAA A
W I E A W SRR R R A 40% 1Y
S PR IEAR R I, DI T A 5 A )
PR

3) 3 F X 3 19 #5 #E (Ramachandra 1 Jones,
2020) o BRSNSy S 0 DX AR AR A U AE R T 4
JE YA AR FA R0 DX, A oy i X S
B S5 R X 3 AY 22 T HE (intersection over union,
ToU) R T BEE BRI , TA A 2 B P s HAR S LA
SEAR PR o PPN AR AR R T8 Ay S
F18) DX I8 T R [ o 5 8 22 A L S e DX, S B P
P EORT . y i — [n)il , 1F 2 d BOR A A1
AR 0. 1, SEEIE B 2 Al Y

4) 3 T Bk 19 FR #E (Ramachandra 1 Jones,
2020) o fEELE Y 55 WU SR DX AR
Ko X T RAAEZW ER S, HEREERD—
L gt A ) 3] S DX AL 20 o B R — it A
D32 DB AN e . 25 B S AT B T
TR FNZE R ANEA 2, DA RAE S 5 T sl ™ i i 4
JUMTR IS LT, iX — U IR . e s dd e,
B S DA M — B B g5, T T AR
DX I i i B A O SR A ARG I Ay S DXl ) o i 5
10 57 CJ5E 3¢ b B AR ) DA SRy A6 0 T o 4 2R H
— M A S G 0 DX 5 L S IX s 22 ] Y ToU R
T0. 1, WA RGN 3] 132 57
5.2 EiXiFfhistR

TE VAD S0, =24 LAT 3 Fh 7 o Xy A0 1Y
PEREIEAT VPN A TR AT R A 41

1) AUC (area under curve) , 72 ROC (receiver


https://www.merl.com/demos/video-anomaly-detection
https://aimagelab.ing.unimore.it/imagelab/page.asp?IdPage=30
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operating characteristic ) {1 £ T A TRIFH . ROC 14 LA
12 BH K (false positive rate, FPR) A £ AL x| B FH %
(true positive rate, TPR) AR 2] . ROC fhi £k
B A SRR S 2R A% TR R € B (B R B9 TPR A
FPR. [N, AUC e T 53 248 X 1E SUREAC 19 X 53
AEJT. AUC AYIREVEFITE 0. 5~1 Z i), B fi e i
LRI IP2RAF O TERE L L . AUC RYTHEE T R 2 X
ROC £ T B/ NEJE B T AR T 2. i N
A/NETE W AUC T3

AUC=§(TPR[L‘]+ ;‘PR[L'— 1

(FPR[i-1]- FPR[i]) (2)

[, TPRL AN FPR( i 153 5 75 55 i 4> 50 TPR I

FPR. ROC 48 i 25 ] FPR 1 TPR Z [A] By ¢ &
J&R T 53 RAEAR A T By PERe S A L

2) ZE 1R R (equal error rate, EER) o % L Y4

B FH 2 (FPR) A1 FH 2 (false negative rate, FNR)

SEIN BRSPS 5 A . THE EER 1Y

BB BN GFEARBHZ(FNR = 1 - TPR) , 7£ ROC

2k L% FPR 5 FNR AHAFH 05, BD
EER = FPR, when FPR = FNR (3)
SR, EER S8 i 73 AT 2R e A [R5 1

xR2

BRI, 5 ROC 1 £ 38 2B FH R AR R A
S ORI SE 1Y . EER BRI, 22 S R 1 e
GF

3)F 185 i (average precision, AP) . JE3E T4
R — a2t £k (precision—recaﬂ curve) F I
A o AP UEE FEIE 0~1 22 0[] . AP#RIEIT 1,
FORRIVERE B, fe o li2s . BAORUE, X TR
ZEo) , AT LA 4 A5 T 000 1) A R %o T 45 SR A AT
HEFe AR5 TSRS R4 [0 3R BORS 2, e 1153
SOREH RE AT YA 1S B 1 AP 1A .
5.3 EEMERILE

AR SCHR AN [] 1) M Ty % 4% I LA e A
T AT T PERE LB HT , [R) I B 0 2355 R A 1Y
T AT TR RE L AT

W2 PR AE 6 MRS B T S A4l
JriE B PERER B, th 3 2 AT AT, WA S5 1
BAE MR R BT 55 i VEREW] AR T WA 55 . X
F2 B PR MRS BAT I 25 1, S DX I 7
AN AE , PRI 28 0 2 B AR T SRR IE S B ok
ARCENAR RPN e o H I, B T e A ssss
B 7RG K R T A bR AR R A
PRI EST Sy EEo

EBBHEENERYEE LK AUCKTEL

Table 2 AUC comparison of supervised methods in six common datasets

1%

Subway  Subway

1 AR Pedl1 Ped2 Avenue . UMN
I ml 'E' Exit Entrance
I3
BRHE MR BERER WR BER hiK i 2 T 2% i 2
Tran F1 Hogg(2017) FWEE 687 91.9 89.3 96.6 - 82.1 - - -
AMDN (Xu %,2017) AL 672 92.1 - 90.8 - - - - -
Sabokrou % A (2017) BB - 93.2 - 93.9 - - - - 99.6
Unmasking(Tonescu %5,2017) A WE 524 68.4 - 82.2 93 80.6 70.6 85.7 95.1
Stacked-RNN(Luo%£,2017a) A W - - - 922 - 81.7 - - -

T L AR R S P R LA R =" R B S

W3R 3 FroR % 27 A Jo Wi 7 I AE 5 Bl A
M EERESEAT T HER . AR 3 AT LIAR A, TR
PAERAS TR O UG T 8 A HE R, L
T MR RS e W vk e 2 B
SEEL TR 90% AUC Ik fig . L EFETIA
AR B 1 Georgescu AF A (2021) J5 15 Fl SSMTL++

(self-supervised multi-task learning) J5 7% 78 2 A~ 50 4
B BRI SR, BIASMERAE B 2 4R
FHICRY IR 5 B X m] REREAR A 3 F P . At
TIEWRE R Z el R R BAF U N 2

Wi 4 PR X 20 4> 55 B O A 5 A B 4
ERPEREDEAT TR, S E TIA R SRR Tk
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Table 3 AUC comparison of unsupervised methods in five common datasets

/%

Pedl Ped2 Avenue UMN  ShanghaiTech
WIRES W =X

BEY DR GEY WH AREL W R IS
Online GNG(Sun%,2017) e 651 938 - 941 - - 99.7 -
DeepAppearance(Smeureanu % ,2017) o g - - - - 935 846 97.1 -
STAE(Zhao % ,2017) W - 923 - 912 - 809 - -
Chong 1 Tay(2017) o B - 89 - 874 - 803 - -
ConvI.STM-AE (Luo%%,2017h) T - 755 - 881 - 710 - -
Liu £ A (2018) T - 831 - 954 - 851 - 72.8
AVID(Sabokrou45,2018b) T - - - - N - 99.6 -
S2-VAE(Wang % ,2018) T 943 - - - - 876 99.5 -
STAN(Lee%:,2018) oE - 821 - 965 - 872 - -
Ravanbakhsh % A (2019) T 708 968 - 955 - - 98.9 -
Vu 4EA(2019) T 666 823 972 992 528 715 - -
Mem-AE(Gong % ,2019) L - - - 91 - 830 - 71.2
Appearance-Motion(Nguyen fll Meunier,2019)  JG - - - 962 - 869 - -
AnoPCN(Ye%5,2019) e - - - 968 - 862 - 73.6
MNAD(Park %, 2020) JoleE - - - 970 - 885 - 70.5
Few-Shot(Lu %, 2020) o g - 83 - 962 - 858 - 77.9
VEC(Yu%§,2020) e - - - 973 - 896 - 74.8
Georgescu % A\ (2021) o B - - - 998 - 928 - 90.2
MPN (Lyu %,2021) T - 8.1 - 969 - 895 - 73.8
STR-VAD(Wang %:,2023b) Tl - - - 984 - 86.1 - 73.2
MAAM-Net(Wang %5 ,2023a) T - - - 917 - 900 - 713
SSMTL++(Barbalau %5 ,2023) T - - - - - 937 - 83.8
DSS-Net(Wu %5 ,2024c¢) Tl - 86 - 972 - 906 99.3 75.5
MGAN-CL(Li%F,2024b) TwE - - - 95 - 8l - 73.6
Two-stream( Cao %5 ,2024) T¥E - - - 971 - 908 992 83.7
Tao % A (2024) e - 878 - 995 - 897 99.9 -
Ada-VAD (Guo5§,2024) Tl - - - 992 - 900 - 77.1

T L PSRRI R 4 2R =" R B S 8

AR TR B K He 46 R B (0, e 55 e B s 5 BT A
ST A (], 3k 2 PR Ay 55 M B A A i T
TERICTH S H A, HA 22708 4 37 5o R B g S AR Y
S o 59 M I EAUD s UGS B R AG I 4
S B AT R AR IC B DL R s A 55
FRE T MR B D i, B EL AT A PR AT 42
WS PR, BT 7 R A KA AL AR 1 )7 1
TE 4K dE L PERE . 7E ShanghaiTech (i 4E

Zh4 R E R B Jo W 7 ik (Kim 45, 2023) He
RE U 1 JC AT JE B )7 % (Georgescu %,2021) #£7F
T 7.6%, B TR ZEIA W5 B k. 454
KA Y 7 R 1Y 55 W58 I ik (Joo 45, 20235 Wu 5%,
2024b ) 7E45 55 W B B 4 AR B TR R RE . It
Ab X BT A TF ORI (Wa 45, 2024a) AT Y 2k
Y (Zanella ¢ ,2024) BRI R 47, DL ESCEG 45
A, SR FH KA ARG AR 1) ok A8 G W B A s B
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Table 4 AUC/AP comparison of weakly methods in five common datasets

1%

AUC AP
; B
Jrik . Ped1 Ped2 ShanghaiTech UCF-Crime XD-Violence

BREY MK BEHR Mk ST iZk iz
Sultani ¢ A (2018) 55 W - - - - - 75.4 -
GCN-Anomaly(Zhong%:,2019) 55 B - - - 93.2 - 82.1 -
MLEP(Liu%,2019h) S - - - - - 76.8 -
IBL(Zhang %¢,2019) 55 B - - - - - 78.7 -
Motion-Aware(Zhu fil Newsam,2019) 55 - - - - - 79.0 -
Background-Bias(Liu F1Ma,2019a) S - - - - - 82.0 -
Siamese( Ramachandra Al Jones ,2020) BB 800  86.0  93.0 940 - - -
ARNET(Wan%¥,2020) 55 W8 - - - - 91.2 - -
XD-Violence(Wu 4§ ,2020) 55 W - - - - - - 78.6
MIST(Feng%:,2021) 55 B - - - - 94.8 82.3 -
CLAWS(Chang%§,2020) 55 B - - - - 89.7 83.0 -
RTFM (Tian%%,2021) 55 W - - - 98.6 97.2 84.3 77.81
CNL(Liu%,2022) 55 B - - - - 88.2 83.1 -
Huang 55 A (2024) SR - - - - 98.1 84.0 74.6
Zhang 55 A\ (2023) 59058 - - - - - 86.2 81.4
MGFN(Chen %,2023) 55 B - - - - 96.4%* 86.7 80.1
Light-WSVAD(Wang % ,2024b) 55 MRt - - - - 95.9 84.7 72.5%
REWARD (Karim 4¢,2024) LR R - - - - 95.1% 86.9 71.7
HSN(Majhi %¢,2024) 55 - - - - 96.2 85.3 -
AFT(He %% ,2024) 55 Bt - - - - 98.2 85.1 80.1

T R TR IR A I e LA 2R =" FOR B SE " FOR SR RN A SR B

Wi sk B HGT T R ERESR T, B B AT A
M I Zkp G T WREA RO, B
HEPNILY-Ai2 s

6 REERE

AT S A B WS B R o 4
MR IE 57 > R 1S, Xk 22 i 5K ot 0 B 01 5 3 A )
TIEHAT A ERA 3B A LG R R B Y
B S BRI A B A o AT R BUA Y R I
ERVEAGTTIE AT NG, AT BT 2 18] A 22 53 AR
9 AR R AL D kR T 2%

I 2 FEFR 2—3 SO I 4 TR AR A 8
Pt LM BEIEAT LA AT . FEARE AN T
G5 RIEEARVER I 5 % X T E w17 2480
EMPEREIC S, O AR B A B B 4T
{8 2L AR A 58 K Je 90 FAR , 5290 1 40k B2 1Y)
SR
6.1 HIEEHNRE

A B H PO AR E B AR e S st ) B0 5k [
SE RURR 7 . —2E ) L, LA UMN S48 48 R 1), S2-
VAE J5 09 AUC 4 99. 5%, HVERER B B FE AR A 3
MuFN, AN, 7E Pedl . Ped2 . Avenue Fl ShanghaiTech
S RIS I A 0 AUC B 3T 90% , R

633



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

R5 HEAARERR ARG EEINEBEIFEENAUC/APXTLEL

Table 5 Methods incorporating large model technology in AUC /AP comparison on 4 common datasets

/%

AUC AP
WIRES e FETAYRBIH AR Avenue  ShanghaiTech  UCF-Crime  XD-Violence
Wigk Uigd Mgk I
PFMF(Liu %5 ,2023) JolE Prompt 93.6 85.0 - -
CLIP-TSA (Joo 5,2023) 55 CLIP - 98.3 87.6 -
Anomaly CLIP(Zanella%,2023) 55 WY CLIP - 98.1 86.4 78.5
Kim % A (2023) o g CLIP - 97.8 85.8 -
VadCLIP(Wu %5 ,2024b) 55 W CLIP - 98.0% 88.0 84.5
OVVAD(Wu % ,2024a) BinE CL;TE& gliifim - - 86.4 66.5
LAVAD(Zanella %:,2024) TNk LLAVA - 81.2% 80.3 62.0

TE R RS A 9 e LA 2R =" BN B SE " FOR SR RN A SR B

YR T REC 2O YA ik Z RS, I,
FEE = PRy serh AL LA B 50O 15 S A
J5 AT BB TG I AT U e B S b ) S ), R
U, o8 T G AR SRS R, A SR 1 B A K v
G Ml e e L S R S ) bR R 1 e 4
] F 2 JE% AT 80 4 (Hong 25,2023 ) 38 1o A5 AU 42 i
AT UG B e T i (245 /R K 45, 2024) L e sE
ik AR RESE , DA IR B A Al
ELPR AR SR SR I, A R RN AR
R R 55 2 ) A B 2RISR R, A R
B S, A RSB R 0 A S I s o
6.2 IFEAEHRE

BN RS = W a3 7 e i W R e
FIPESR IR ROCHT L N A AUC, 4R, 78
SEBR R 2Ty R R AT R 1 AUC, {H A
C 4 B A BB ERIREMR . B, MR
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