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Abstract  Video abnormal event detection aims to automatically detect events that do not
conform to the regularities of normal events in videos. Many normal events and abnormal events
in videos are caused by the interactions between event objects and scenes or other objects, and

thus they are usually object-centric and highly contextual. Currently, it is still an open problem
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to discriminate abnormal events by acquiring high-level semantic context information from
low-level visual features in videos. To this end, we propose a novel context modeling and reasoning
method for video abnormal event detection. The method mines event-related semantic context
information from video data by generating video context graphs, which is able to narrow the
semantic gap between the low-level visual features in videos and the high-level semantics of
abnormal events, and then uses the semantic context information to discriminate abnormal events
correctly in videos. Specifically, we first use a pre-trained object detection neural network to
extract the initial appearance features of all objects, the spatio-temporal relationship features
between different objects, as well as the scene features. Then we devise a context graph inference
module to explicitly model three types of semantic contexts, including individual object behaviors,
pairwise relationships among different objects, and interactions between objects and scenes,
where the nodes of the graph could describe the object and scene features, and the edges of the
graph describe the spatio-temporal relationship features. We finally build an anomaly prediction
module to discriminate abnormal events according to the semantic contexts captured from the
previous context graph in videos. The proposed context graph inference module is based on the
mean-field theory, and includes multiple recurrent neural networks with message-passing modules.
The message-passing modules iteratively update the state of nodes and edges in the context graph
for inferring the high-level semantic contexts from the low-level feature representations. The
proposed anomaly prediction module consists of two attention-pooling network layers and one
fully-connected network layer. The obtained context information is finally fed into the anomaly
prediction module to calculate anomaly scores of all video frames for video abnormal event detection.
In experiments, we introduce a self-training strategy to train the network models in four manners,
including unsupervised, semi-supervised, weakly supervised and supervised manners. In this
way, the spatio-temporal context graph inference module and anomaly prediction module are
trained in an end-to-end manner seamlessly, such that they reinforce each other. The context
reasoning method is evaluated on four public challenging datasets, including three semi-supervised
datasets, i.e. , the Subway (Entrance/Exit) dataset, Avenue dataset and ShanghaiTech dataset,
as well as a supervised UCF-Crime dataset, respectively. Compared with existing methods
without considering context modeling and reasoning, our context modeling and reasoning method
improves the unsupervised AUC values by 2.7%/3.1%, 2.0% and 2.9% on the Subway
(Entrance/Exit) dataset, Avenue dataset and ShanghaiTech dataset, and improves the semi-
supervised AUC values by 3.5%/3.3%, 4. 0% and 4. 3%, respectively. Compared with existing
methods without considering context modeling and reasoning on the supervised UCF-Crime
dataset, our method significantly improves the semi-supervised, weakly-supervised and supervised
AUC values by 2.1%, 0.4% and 9. 2%, respectively.

Keywords abnormal event detection; context modeling and reasoning; context graph; self-training

strategy; deep learning
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Hr o, (h) Fm— mﬁ@,FET h B A 2R
o B8R CRI AR ) 5 ¢, Chy o hy) FeR 0 BB, B
T bR b TR B B R SRR A R A SRR

o FonEI M EEBEICRENRS G D ESR.
FEASSCH bR SCE A H AR a5 DA 5300 A0 6
i 23 %,%JQIE*HELJ@EE’J Yyse w5 A Hiw
T R 23 56 2 370 J2 A THL 326 3 0 5 X 0 T A 3 A
SRS THES oo —T0HER ¢ (h) N2

h=argmax P (h|c)
h

(2)

P 2SR SR i B K 56 20 A P Ch). SE2 37308 LY
Efﬂi;gj{ﬁ?{ﬁﬁ,@ﬂid 1k KL 8 F (Kullback-Leibler
divergence) KL(P(h) ||QCh)) 1 B fif B 1 3t {0l 43 A5

QU IEH QU QU =[] Q (h). 231 Q)
ERAL A

Q,-(h,):Zexp(—gou(h,-)—(i.]Z)JGUEUINQJ [@,)(th,)])

(3
23D W PR A HE S ok A LB 57 AL A% 58 W SR A 7 1%
o ) AL P EA - Q) L IR S5 %)
A —1 Q) ARG AWEAACA L ) R, B
) PO QA By KL HLUEE /N T — 7 BI{E (i 3¢ A
T AR SR, X Rk AR B ik
FEARTE F A3 J5 B A SO A et B 3R 4R
A h B AR, O E AR R R B e, (R I
@, Chishy) . Z 55 U B2 2 1 & J& A ST DLl 3
TR P51 22 I 28 B I 1) ol A S 8 XY i a2k AR5 3] B 3ROR
1% 32 25 e THI ) S 0000 A e 5 K T AR AR I 4 a5 22
i e T B s R 45 s DL T SRR Ol A A
R 2 1) % 3 SR e Ak T A B R SO R 5 B R ] LA 15 3
{75 7 TR A28 22 B /N B e CED 5 53 PR3 S e
FCHY R . © A B9 3CHRC333E WY 7 3 ok {1 0 A%
AR B B9 IR B UG B M & W 4% (Recurrent Neural
Network, RNN) , 0] D 5 B - 35 37 305 4L i 72 vh 4 A
QCh | o) . 2 25k B8 TAE BT K o AR SO kST
R AFBIE X Qh )5 Ny

T
Qhlo=]] QA IR)HQ |5
/:Kl A
HQ<h2 [ ) QChy | 1)

HQ(hHIthQ(hk,\rk,) 4)

Zl—‘jCﬁFHS/\Z'E_LE’Wﬁ}T P2 2% A5 RNN,, |
RNN,., #I RNN ., - KRRk A8 H AR =R 23
KRFRMIGFFRRTE Qh | o) FHRRZS & 4 FF
N FEREAE B R AR SO TR 1 R SRR R T
R AR ERT BN XUFE R FERNN,, 195 n K%
PR 1 JEEE R A HAR B B RS by B R R R A
HFRFIES [ A HARZ BB G R TR A SR 5 RN
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A BT SCHEARE S A P A LA S R A 2375

RNN,,

tLn
i
n=2

K4 RAREHRLRRER

HARFR Ry AR RN 1 i 20 i 354 50
TN
hi" " =RNN,, (mi" shy")
mi" = > (W} [hi" ohi DRy
7
D Wi Ly hii Dhgi+
,
cWiLhy" k™" DA™ (5
Horb o FOR Sigmoid Wi s EL, [, « JFRIR M &
Prage. Wi WIRI Wl 2% ] [ W 26 240 RNN,,; 3=
INAEER R 45 pR B A M L B 2SS R R R B
it A
R =RNN,, (my ohil) s
mii=aW ! LAl hy" D"+
oW Lhily hi" Dhy"+
cWLhL " D" (6)
Horp W W W R 22 ) I S8 RNN,., KR 1
I 25 R B SR R R B AR
TP =RNN.,. Gn'" Jh"")
m' =g W LA iy Dy +
k

DI WELR" by DAL (7
ksl

W W22 3] (B8 RN N, 27 16 3 bR 5L
3.3 REmM

SEH U 8 78 3 T HE B 005 LR SO AR
WA P FR 2 v (' =1 KR TR 58, v =0 F
TN IE D A SCIE A fe K AR 5 50 03 A Ok SR il SR
o) [ A, B

Py [ Ry shyy b |k l=1,2,+,K}) (8)
SRR W ORI LR SOE B X B R

F T SCFRIRRN X 5345 28 K S 0 TR A [ .
PRI 5 5 AN ) B SCER O ) ST kA B T 50 R U
R A S A k37 9 7 DTt fE (attention-
pooling) B 45 %t fir 45 H #5 #7% hy FUIT A % &R # R
P AT GRAS. XT 45 ¢ WU, ik i R S
HOAH .

K 7t
~4 . W, h
ft:Ehk.ai’ ak:KeXp(—/’k) (9)
ket Zexp(W,,fzj)
1

Horh W, 2 2 07 Ak 2 B 280 A 8 R ROR
rOIR I R I — AR T A 2 DL 2R L Oy A
R RER AL H AR R /B R R ERR o
YRR b PRI R TR R S A, B
P(y']| ) =¢W,o (W, Cfr R D) (10)

Hrp g iAW M 5 1Y SoftMax RELW, FI W,
SR E ] ISR
3.4 FIRKREE

T BT SCIE HE A RN S5 BN B ey, A AT
27 11 9 4 2 B0 L s 3 s 1 07 =X 3 2o e ) %
4 B ML A B R F% (Stochastic Gradient Descent, SGD)
FEHEAT LA, Ry A SCA3 A T M Lo B
W B A A 2] O AT BT T AR N A A R pRER

(D T = AT B 22 77 K IE 3
S B AR T 2 TR AR O T I R 2% L AR S
FIAT — i 509 A Il 2k (self-training) 58 W% - 56
G G IRV R i =0 o W B v AW 1 =
PRV 258 — A& T WAy A V', 2 SO il
YIZRRY RPN AR J H AR #3755 19 30 FHE L I 32 3 H bR
TR [V EFRIR s R IE R A X L KR LA
GFR [ D f1/ Ko | ARSGEI B AT M B R AR
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Hl

7 2024 4E

o
=B

I FFEM (Extended Isolation Forest, EIF) 75 38 4
bR 2. EIF LL[ D071/ K s | i A O X 4
k

BT HEAT S 4325 AR SR ETF Y #5842 K 3 R 1743
AUHERF  IFFEICRT My A F S Mo AR 23 3 #9 15 1E
B S PR B RN X R B T O AR TE Y
Y H . T IR R 45 AR SC N PRI % £ = T
PJREALV, V.V, ) Hop V, ROR B FE AR (IE %
),V R IEFEAR GEH ), V, Fom AR
F) OB REAS B A B AR SO S H R I s b O i
KAOHEENW S H MR P, P, f P, SR 5
2K BREL, N 2R 4%, B

Li=L"+aL (1)
Hodp, £ B AR IR bR R, 1 = e AL i
KEBA BB SR o Fc sk

T
L= S og1— P,
T =

T
£ =5 Y max(0, | PL =P, .~
=1

|P.—P., .+ (12)
& Fon =oAL K oR B[] B S 8. AR SOl B 2k
Ay L A AE H U A e Ay
(] E 6T T R A S A AT 40 28 SRR AN R < OE
A B A8E AT DA A i M S A DR e RT DA
FHERIS o A5 85 E AT A 5 17 5 000 O A 2 ) AL
3 XE LA 3 R — A B — i 2 ], X % A R S
i JG i A Cunbounded nature) . R ARCGIA T
SR RELLT s H R D IR RIS N 25 5
FEYE 0 1E H LR S H AL 8] 1 28 1R) 2 5. AR SOl
FHA R BB Lo 2R M 2% 5 P08 T =X (10D 1 58 55 i
MR P P, P IR FRRGERRRT My DM ARG M,
FEA SR PR AR T3 4R B PRIN. JH3E J5 A 3 55080 mT DL
Y A B 201D rh G R 4. AR S I 32 R b 3 A
PR T 5l A I 45 SRS ) R T P g
() W B2z e B 2= ) Oy o DA IE
BB T T I 45 2. 5 0 WA 2 R Bl AR SRR
FoR | D000/ K| BRIG B ETF A 55 Kl 1o

W UR AL O AR 25 46 N T I R0HE AR 25 SR PR B A
. AR OB Ik BB A 1 1 $0% PRI A 21 I 4% L OF
i LD v 38 2k BB KL ok 3 AR A S 9
LA N.

(D) BB, g AT, R IE
W RO RS AT DA b T O S 5 B TR I 2
4. FE SR 0 b, A A 2R B v T DA L H
H A 1 LR W T 1 B L AR A LR L AR

SCHE e i 2 W A 2] Oy ik B T T R RUE X
W 28 AT PN 2. 8K J5 10 T 0001 2R A AL 3 58 5 o A1
AL EP S T ) S AL RS AL B A S LA
Z DA A S H I AT LUK A b B A T
MR IH—1k [0, 1], B

P’*m{inP‘

t

y'= (13)

m
Horp oy BN ZRBE R 1) H — 1k 5 5 7 B AR SOf 57
WHER KT 0.5 B WIFRIC A 5 5 P8 . S8 5 M IE
B AL AT TS AT BE B = e A, I a4k
5% PRV RN 25 o 45 L B

L,=L"+Ar L (14)
B AR 25 A 0 bR B LY RN N AL = 0 4 K bR B
Ly h

T
£ =1 Slog(1— P,
=1

[Vl._l - t ‘ !
Yo 7?;)/ max(0, | P, —P, ||.—

| P.—P., .48 (15)

() Wi B2 2] A B 2% 20 O a0 A Sl Al
A MR T ) SR B RN IE R BOHE R I 2R 4% AR
SO SR T e B = AR A, IR R (1D R
) 458 2 BRIV BLL, VI 5 TR 45
3.5 REES

A 55X 3 TR] 5 38 3 — VR 9 2% 1) [ 4% 3 3 R L AR
SCHEAA R0 R L e SRR Rk 2
SR W B T T R IO B T R A
FEMT 22 0] SF- 9 722 A o A% SO0 B SR L2115 1 e o i
T 25 56 A WU 2 S o B R 1 s Ok TR AR S B 4
SR EGPE RN IE M U8 U A% S 8OR SCik 21 PR
— 2, B A A B AR 125, 5 2 30.

4= B
4.1 &

A #E UCF-Crimel®® | Subway™* | Avenuet®”
#1 Shanghai Tech™* #4547 T 524 . UCF-Crime
BB T — 0 T A bR T A R AR A AR
SCLAE B 55 W B A B Oy AR B R AT T
S5 . Subway, Avenue il ShanghaiTech J& 2 W
Bt A A S TG R R B O ST 2 e 2R
YNGR T W2 X T JC M 2 > AR SC R BESCHR[10 ]
LI 25 4 A K 4 G 9T S T B N 5 7 Al 4R X
Fop W 2 20 A SOl R I 2 4R v BT A IE R B 0
TIN5 o A A 4R 1 47 I K. (1) UCF-Crime J& —
AN RS 1y 2 52 HE S W 42 WA B s 4 L E AN ) 37 53¢
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AT BT SCHRE S i B A AR AR

2377

il T 13 R R AR ALHE 1610 AN I G A A
290 A ARA. X T2 B 5 o) AR SCE PR T A IE
W RN 2R Sk VI 25 9 45 . 6 T 55 W B 2 2T AR Sl
FHUI G55 vty A 55 B bm T 00 1E 5 A0 57 20 1 25
P 2% % T Wa B 2 2] AR SO ERAS S E I R rh T
BIPRIC 20 s oA 1 S 8 T 3 S8 J 350 I 73—
() 5 8 I R4 5 (2) Subway BUHE 440 3 N 17 5
Entrance(144 249 DHUMWD 1 Exit (64 900 4> 4L 45
WD . S AR A A R O I 5 PR AL AR S

UCF-Crime

o1 J3-06
Sell 07:32: 42

ShanghaiTech

ML

MTER AT

A SCHR L4 T i) 3 R R 43 DI 2R Rl A £E < Entrance
A Exit A5 A HT 15 min J& T UNZRAR A B i
£ (3) Avenue ¥R AR 16 DY FI 21 A4~
I RALAT, S TR 35240 WL SR SR AL D
S AT 5E B PR i AR 78E % 5 (4) ShanghaiTech
BAREAE 13 MMM, B2 &6 %
PFOZEAREA 130 58 F R 270 000 T
YIZRALI. 4 A5 5 b SO 1) S S (PR il an 1] 5
iR,

-03-06

ol 1 -03-06
S6l 08:16: 17

10
S6110°7:34: 194

K 5 AE UCF-Crime,Subway,Avenue il ShanghaiTech £ #i5 £ b #iL 8 19 S5 5 44 7 1) Gl FEHE )

4.2 KT

<3¢ F§ RPNE F1 KL T ( Kanade- Lucas- Tomasi )
PRER G ok A i H A s FUHE. A SCEERR AT 10(R) K=
1)~ FAE 45 BIAHXT TR B B SCfF B KLT B
5 A0 AL 1 A SR T b ) B A B AR 1 B R E AR Y
IFR] DG AR A SCH% BRSCHR (33 1Y) 52 5 ¢ & #8) d RPN
A RNN, I 18 27 1 4 B2 P&y 512, 78 ir A7 4
2 75 A AR SRR 10 it [ 5 KR R T Sl B AR
A 1% BN 2R K/ (bateh size) Sy 3, 3 fd 2% >
A 0.001 ) RMSprop I 1k % 8 Il 2k [ 25, A 3C
BWEEESE O R 0. 4. B SH A K 1.0, VI HE

LR 2 i AR SO PCA [ D0 f1/K st i
B 128 47 JF R EIF 0077 0% 64, 0y 7
2 AR PRINY R /N AR A 28 55 73 391 158 1 kg A B I 2 4R
KUNEY 1/3 F 1/10. AR BB B M 2.
4.3 FfhER

ARSI BTG SR S B I 43 S0 AE W AN
P AT S w RN Y 7 2 AL . A SCE S 3 W e s
S H o> BB A R 2 ) B A2 4R AE AR il &
(Receiver Operating Characteristic Curve, ROC). #&
Jei 8 R AR . ) 48 R T AL (Area Under Curve, AUC)
HETIUGE A A SCE 31 A T 4% (False Alarm)
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Bl

K VEAL A R R HE R, B m i AUC {E F1 8% 11
DR AR RN B 1 WU S R D P RE L T L A
R 1R 2. Mhh A SCEF BCER 4] R & &
ESd ORGSR o QR Rl AR N N -
TR 3 Y 254 18X Cevent count) , G it T IE
A 0 ) P S R A RS R R A U B A O R AR A K
L DA T SR 5 R i DA, . R A
WL 3 AR T X Tonescu 28 A" il Hariri 28 AV
M) AT TR A 3R 1.3 2 gk 3 WAL T
U3 1) T 15 R PEA 8 A Y2 L B 6] I 18 SC 1) 512 36 5040

Es 12 2024 4F
% 1 7£ UCF-Crime #[#E & LMK & R L&
VIEyiE: I AUC/ % False Alarm /%

Hasan 2§ A [ 50. 6 27.2

Tonescu % A 5] 66. 1 8.5

A Wang 4 A [39) 70.5 2.1
Sun £ A\ 11 72.7 2.2

Ours 74.8 2.0

Sultani 2§ A [36] 75.4 1.9

5 Sapkota % A\ [37] 83. 4 N/A
Ours 83.8 1.4

SVM H2k 72.8 2.3

g MLP 3£k 75.3 1.9
Ours 84.5 1.2

& 2 7t Subway,Avenue #1 ShanghaiTech #{#E & F Wik BB il 4 R L (AUC)

I 5t i AUCA
Subway (Entrance) Subway (Exit) Avenue ShanghaiTech
Hasan 2§ A\ [4] 94. 3 80. 7 70. 2 N/A
Tonescu % A7) 70.6 85.7 80. 6 N/A
Wang % A [42) N/A 84.5 85.3 N/A
Chong FlI Tayl® 84.7 94. 0 80. 3 N/A
Song % A [13] 90. 2 94. 6 89.2 70. 0
Sun & A 11 N/A N/A 89. 6 74.7
g Feng ’ﬁj\ri‘m N/A N/A 85.9 77.7
Cai 25 A\ [13] N/A N/A 87.4 74.2
Yang & A\ [26) N/A N/A 89.9 73.8
Wu & A [24) N/A N/A 90. 6 75.5
Wang 25 A [25] N/A N/A 86. 1 73.2
Doshi 2§ A [30] N/A N/A 85. 8 71.2
Yang & A [29 N/A N/A 84.2 83.8
Ours 91.4 95.2 91.4 78.5
Hasan 2§ A\ [ 68. 8 75.9 70. 1 62.7
Ko Hariri 2 A [31] 83.8 92.7 78.9 70.3
Yu % A1) N/A N/A 90. 7 72.6
Ours 90. 1 93.0 90. 0 73.2

% 3 7£ Subway 70 Avenue H{IE&E FHNEHHZRERN
ZREB(BRERNEH/ BERRED
SR I R/ S R R A

Tr ik Subway (Entrance)  Subway (Exit) Avenue

GT: 66 GT: 19 GT:47

Lu%g \ 39 57/4 19/2 N/A
Kim %5 A 17 56/3 19.2 N/A
Dutta & A\ 48] 60/5 19/2 N/A
Hasan 2§ A\ [ 61/15 17/5 45/4
Chong 1 Tay!?! 61/9 18/10 44/12
Ours 61/7 19/2 46/3

4.4 ZWHEK

(1) UCF-Crime Bl 845 R, 3R 1 BN T 1
B 55 M AR 22 ) U7 AU 78 UCF-Crime X4
% B AUC PERE IR AR AY LLAL. BR T lonescu 2F
N AR S A e T 1 1 P RE 4 b 2 A R
U SCHK. ASCE BT Tonescu 55 A9 AR R AR AT (8
FHIR H AR A I 5 e D AR SO T i) RPN H A9 2
T AT A HO R

FER W 2 s UF L B s A A

SO IR ST SRR AR AUC $8 AR 3 e T
4. 3000 2. 1%  IXBGIE T A7 B AE 45 Fh g s bk
R SO SR B . 55 B ) R L AR
STk AUC 555 Wi B ik MR & 7 0.4 %,
X AR S 5 0T DA A58 G I o S SR

FEME B 2 2] O N VAT kS SVM SE 2k
MLP B4k J5 k1T T S 78 AUC Al B2l T
11.7%F0 9. 2% () ¥k fE 42 7. SVM F1 MLP Jy ik
B LA A ot rp ) B0 4R H bR R OR 6 R FROR R R
FoR M. MLP [ 2544k FC(512,256,RelLU)-
FC(256, 128, ReLU)-FC (128, 2, SoftMax) , H
FCCa,b, ) Fm BA I GAE I N We R
WOE RO £ A EREZ. SVM A MLP 78 2 5
P o AR a0 Sk 5 H WU Br AT R o — 25 I
B BT A ROR 5 R 5 — 25 A8 o 7R ol
— i BT R SO R I B R SR S A B Dy it
e N

B 6 J2/R T ROC M4 LLEAT iE— 25 1 PEA . A
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S8 VA 55 W 3 Oy 3 B 2R LT 5 4
LB BT 7 0 0 0 2 3 2 A 7 A A

HFRFCA TAE 5 I s rT 4 2], A
SCIFEAE N B 2 2 T T A PERE B 2 mT LS 55 i
U ) N

1.0

0.9

08 e

0.7

m— Ours (GEIED
Ours (9B [T
Ours (IEEH

m= == SVM Baseline
v Hasan et al.my

Tonescuetal.” [
3]

True Positive Rate
(=)
[$;

sssssees- | et al.

sweerer Sultani et al. ™

l
0 0.1 02 03 04 05 06 0.7 08 09 1.0
False Positive Rate

K 6 ROC fiZKE

(2) Subway B ML R, ACAER 2 H s
T Subway $#lE MR AER B ) 7 L A
SCT7 5 MR 22 B e 48 07 ¥R ROR E 4. £E Entrance
1 Exit 45 I AUC B9 % 58 48 7 30 0k 7 # A |
ORI A SR A L TR TR R T
KT AR BB 1 AT e PERE L 78 Exit 3¢
PgE ERAS TR AUC 18453580 7 95. 2%, 18
Entrance 54 _FAR1G T 0] Fb Ay 91. 4% AUC fH.
M Subway £ 4 4 1Y 8 (R R RER B L A SCOT 8 5 i
JeHE R 7 A LU EAR TR B A 4

(3) Avenue BHRE Y25 IR, £ 2 /R T Lid i
T2 W 2 A 2 JC W B 2 o O AR AR ST R
Avenue HUE 4 ERBAG T A 584 ) B SEER A5 R XS
T2 Wi B 2 2], Doshi % A5 3@ i iz ] Yolo-vsH™
XL 75 1 H AR AL I 25 S BT & 85. 8 M
AUC PEfE; i Yang 28 AP FI T Transformert'®
S5 SR W 28 G5 A E — K AUC 427+ % 89.9%. A&
SCAH b SO R A B vk B ) B AR AR T
B 91, 4% 1 AUC F545. BEAk A3 T A SO 75 1
SRR A AR SR B0y e AUC PRAR B 3RR
T L8R HETE. 7E Avenue FUHE 4 b, % F LB
2 2] ARSI W S R WG R R I iR A
Fo AR 1] B n 5 R 4% 2 A SR IRAIE T 43
T5 e A RS AR

(4) ShanghaiTech ¥ 4fs 46 19 S 96 45 2R & 2 Ji&
/N T AT ¥ A5 ShanghaiTech ¥4 £ 1Y 45

ShanghaiTech B £ F E A ShEZ . A AR
RGP, e B 22 ) 07 R 785 2R L
ER R AR SO U T AR AUC TR 68 L AL
KT Yang S AN WL X — 2 R HE F Yang
FAPEH T RGB EMR 6 B R FBE RR E 5
Z R MG B A UL LA RGB BHRAE s —H5 A
Wi RS Ik AR Yang 58 AW 78 Hg b i T il
SRR WY 24 2 BROG U EGOR B i RE AE S T R Y
AUC fERE % 70. 8%, AT I 1k AUC 45 R 2
B G Ah A AR AR S R AR AR S
AUC $ 75 1 3. 8%, FE TR W B % Iy XK A S0y
W Yu S N ik AUC #2857 0. 6%. 45 1
i . 75 ShanghaiTech B4l 45 1Y 52 5 25 R BE G2 Jo IE A
SCHE Y R SO R R By VR TR SR SRR AT
% bR .
4.5 EHUHH

AR SCVCE 5 5 BSOS R A I S o <fe 4 5315
TR TVPAL L S5 R L3R 3. 4 BSR4 1 i ik
B A SRS 50 WP Y JR R S w20 B AR (R T 1
— AT B R B R 3R 3
7N T PSS BRI 3 A S A AR A Y
X T Avenue ¥R 4E A SO AT DAL AR T A
B LA D0 B S5 S fF. X T Subway Bdle 4R L 5 RSE
TE =R R S R R AR G AR SO IR S T
A HC B PERE. S5 R R BT AR SO0V AT DL S R b E
AL S S A ) B 1) DX SR A S B 3 e B SR .
4.6 HEXE

AR IAE Subway, Avenue il ShanghaiTech =4~
Bl 5 b DI R A o B 2 o) O AR 7oA
SCTT 8 AN [ ASE B 1) BT R L T S 5 R DL SR 4.
“w/o % ] 56 R F IR R A ] OC &R 0y @A (A B
R SCEIM S [ P L AR AR B B R 5C FR  ERA
“w/o B[] ¢ FR 7R S BR s T SR B TE] B i, AR
FEELAS b0 H AR 25 0] OC & Mg 5 Ros #E: 47 b
T SCEHERR. “w/o I 25 0 R VI R 2 W I 25 K 5 ()
Brdsi b SCEI B2 A9 30D AUBUR TS B AR F i 5t
FFXEREX R, “wolg i RIEH R &
RS “w/o R SCIEE R R 1R B B AR
SRR Y b SCI HE B R R 46 AL A 3R
BV HFR R 5 R R i A B 5 00 AR B vp
“w /o VE B 1 W Ab R AR S R IO A S v fel R B
Bt AR A O B i A % )2 3R AT BT X
RERE.



2380 it (= Bl 2 i 2024 4
& 4 I35 7 Subway,Avenue F1 ShanghaiTech {1546 FRH ML &R
. . AUC/ %
WA ek Subway (Entrance) Subway (Exit) Avenue ShanghaiTech
w/o %3 [A] 6 F 87. 4 90. 1 88.7 75.2
w/ o i [A] 3¢ & 90. 7 94. 6 89. 8 75.9
w/o B2 K & 85.1 86. 3 85.0 74.5
o W w/o¥ 5k 91.0 94. 5 90. 9 76.8
w/o IR SC KR 87.9 91.9 87. 4 74.2
w/o R i ik 84. 4 86. 2 86. 6 74.0
Ours 91. 4 95. 2 91. 4 78.5
w/ 0% 1] KR 86. 6 90. 2 88. 8 69.9
w/ o i [A] 3¢ F& 88.9 91.0 89. 4 71.3
w/olitZs % & 84.0 86. 7 85.3 68. 4
T w/odg 5t 89.5 92.0 89.5 72.2
w/o | SCE R 87.4 89.9 88.0 70. 3
w/o i it ik 85. 6 88. 1 87. 4 70. 0
Ours 90. 1 93.0 90. 0 73.2

M 4 g ] (D R w/ o B R w/o
IR ] 5G 28 7RI w /o I 25 56 R 7Y S B 45 % 15 T ik
SRR W AF ) R e T B ) S I RO RS
% 82 A B R] 56 R B, AUC 19V BE &R I 3 R AIK .
EIGUE THFZS R BT X TR 5% EE
PE. JA . “w/o b MR A R R H B = B
SCHE P 35 e PR R IR B T IR 3 S 2 R A S
HRAERA RN (O B w/o 1T SCEHER”
PSR A5 A Y IH R AN AT R SCEIE IR 782
YN 25 F , AUC 38 #7 1E Subway ( Entrance/Exit) .
Avenue Fl ShanghaiTech $tdi4E F4- I FRE T 3.5%/
3.3%0\4. 00l 4. 300 s 7E L W B I 2, AUC 48 A5
TE =N BR SR B BIREAR T 2. 706/3. 106.2. 06 Al
2,90, BXIUE T 1T 3C P4 PR E AW S S A
PRI AR s (3) “w/o THEE AL TRy SRR W] L A
SCAHE T A R T Ak R 2 A B TR AUC By
AE » IZ AL W 45 0 — M R0 B SUE BRI
4.7 TEHEHER

K 7 J&/x T UCF-Crime fil ShanghaiTech (4}
A8 LRI 30 A S R = AR B 1A b iR et o
FOR S H B FLE AR A S 28 3 LA 35 20 I £
S R BRI 2 B R R 2 UCEF-Crime %K
PEEF )7 AJE17 %577 LA & ShanghaiTech
KR AR TR S R BEER . IR 7 A a] D A
B B SCITVE BT 7 A 1 5 03 B0 LB FR 25 DL T
PR AR I HAE 8 FEAS F 53 AR AR Z )7 AR BR 1Y)
SRR I UE A ST R A AP

T 2P IR R R SO HE A S
FAR I A VE R A SCHE ] 8 R T e B2
2] N Avenue $#E4E b WU S o B IR E”

0 100 200 300 400 500

AL

600 700

150

100 200 250

AT

300

P 7 R S 0 2 £k 1]

S F WA T AL SE 81 E B T AR S iR A B ) SR
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Background

This paper focuses on the research on abnormal event
detection in videos, which is a hot topic in computer vision
(CV) and machine learning (ML). Many recent methods have
paid more attention to learning event patterns based on
appearance and motion features that are usually extracted
from an image or an object region in the image. They would
ignore the influence of the visual context information on
anomaly prediction. The visual context is one of the important
bases for discriminating abnormal events, and it is reflected
in various objects and their relationships as well as scene
types surrounding the event in a video. Mining context
information beyond image-level and object-level features is
beneficial to anomaly prediction. To this end, we can
discriminate abnormal events by the proposed context modeling
and reasoning method in this paper.

Prior to our work, existing efforts of context-based
abnormal event detection, Choi M ] et al. , Jiang F et al.,
Oh J et al, etc., manually pre-define the collections of
context based on the human experience. They develop
context models of specific relationships among objects in
specific video scenes for discriminating anomalies, such as

support relationships, co-occurrence relationships, geometric

relationships, etc. The correctness and completeness of the
collections are crucial to the performance of abnormal event
detection. Unfortunately, it is impossible to manually pre-
define the collections that take all possible context informa-
tion in videos into account, because in many cases the definition
of context-related behaviors is diverse, constantly changing,
and unpredictable.

In this work, we design a context modeling and reasoning
method that automatically learns context information from
data rather than manually pre-define contextual contents,
which meliorates the insufficient in discriminating context-
based abnormal events. Our method mines high-level context
information from low-level visual features of data, which
bridges the semantic gap between visual context and the
meaning of abnormal events. The experiment results show
that our method yield better detection results of context-
related abnormal events in various scenes.
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