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One-class neural network for video anomaly detection and localization
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Abstract: Due to the vague definition of abnormal events and the scarcity of its own samples, the detection of video abnormal events has
always been a challenging problem. Existing methods often separate the two steps of video feature extraction and anomaly detection model
establishment, it leads to the method that cannot reach the optimum. This paper follows the idea of distance-based anomaly detection,
and proposes a one-class neural network method for video anomaly detection. This method combines the layer-by-layer data representation
ability of the autoencoder and the one-class classification ability. The features of the hidden layer are constructed for the specific task of
anomaly detection, thereby obtaining a hyperplane to separate all normal samples from abnormal samples. The experimental results on
two benchmark data sets show that the proposed method achieves 94. 9% frame-level AUC and 94. 5% frame-level AUC on the PED
subset and PED2 subset, respectively, and achieves 80 correct event detections on the Subway dataset, confirming the wide applicability
of the method in industrial and urban environments.
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Fig. 1 The flow chart of video anomaly detection based on one-class neural network



- 62 - LSRR R e o

LURRE

1.1 B%BE

2 45T 1 0 A B WS B 2 2 4
FE e (ML R A o8 A ) , I L H B2 e
TR FOR O KO . T B8 T T RS £, ()
W33 g, () YU, T AR N

2=/, (x) (1)

x =g, (2) (2)
S o e SR 2R B I AR TR A B
SRR ) 12 ) x BIRUEAIR W, W, A 2%
(24, BENS R MR A x AR A x' 2 Y TR
Fyis 2z s,

min || x - x" || 3 (3)

H i s (B2 2R R AR A SRR, B
A R SR B AL
1.2 OC-SVM

OC-SVM J&—F g ) 12 {1 TG W B S o kI
P, HSE SVM W — IR IE 20, S 2% &) — AR
AT, A5 E A A AR A R 1R T e R D e 0 I, T L
A5 DA 1 31 JR 5 A I S de KAk, 7E OC-SVM A
R TR SN BT BRI I A I R AR T A
W AR T R RIREA . BRI, 45 2 BA A 28045
B IIAREAREE X R A IR AR R 25 R 8% s 5L (X))
—ANRFEZS (] F A ST T s DR R (X)) =
@' @(X, ) - r, TS 38R RE 2 5% ) i
D(X, ),n =12, N, o Fl r 28180 093 W) 55 FE
BB TORBGX PS4, T BRI A ],
1

. 2
+ .
min —={lw [, +—

LY mar (0 - (0, #(X,))) -1 @)

Hrro e (0,1) J& AU E) b A Nl 2R 22 7
HEEENSE,
1.3 —HHEREETFIE

TE OC-SVM EEal | A48 7 T I & 5w R
i) ONN J53 270775 7] LB VR 0C-SVM 45 24
FERRBCRIT AR 22 I 25 254, 38 A4 2 ONN, e % F
e N TG BT R 2% 2T R AT, & 171 T 5 5 A0 1Y)
FRAE, R, 306 AT L% 2 IR 8 I o 5 3 AL 0 v B IR
LN R AR T I S

ARSI T — RIS B S M & M 4% F(-),
BAH — AR A — A T . R4, ONN 11 B AR
PRI AR A

1 11
min[ Iw 115+ — - >, max(0,r = (w,F(VX, )+
wr | 2 v NS '

S Iviz-r] (5)

FHorbr w 3R B 02 B4 12 f bR 5 o X et
(5)F1(4), TARIRAT (w,F(VX,)) RET (w,
D(X,)), XA AT LR A s 4528 k5 1
FeRF 2 Thhe T HE— A AN Y B 2 I 45 )2 L 52 6 1)
RELAEAT SR RGN, (H ) SO AR 2 A oA B £
AR, PSR S SR BUTE I 4 R e

HRARE SCHR [ 17 ] 7] DR FH A28 fe /N T 120
Fiflfl, B e v Ak w BV, TR

! 1 1 .
argmm[ [wls+——2 1,y (w,V)) +
w,V 2 v N =

vz (®)

Horb, 1(y,y) =max(0,y =)y, =r,y,(w,V)=(w,
F(Vx,)), M 1k r TRARR N

1 & ~
ar%f{lin[m;max(o,r—y,})} -r (7)

bR b XA SEL (w, V) BIPRALTT LR
B 1) B ] A% 46 S0k . BLAR SR L B T DL S % 3
BR(17] . SEBRE, ATRAR FHAG TR A a9 26 45 R e 1k 42
O SR R AT R AE B, SRS i A 2 ONN o, 4
FUH G A ONN AT IS A, 4R A% r 5, — B S0
WS, AT L3 3 PSR PR SO T R A I 15 R S

S, =sgn(y, = 1) (8)
1.4 EF—H#HEMENNRIESTERNTE

AU ZE 28 (1) I &, 38 2k % 40T it 0 % 3 Pl 1)
JR R DX e e 43 I 2k ONN BERY | 4351 K3 40 X5 & Flliz
SIS IR B RS LU E S AR I 4t

Xt F AR A 7 3 S R AR U T — MR BE A 3h 4
b AR B A B AL, SR )5 52 6l S0 25 A 30 4 i 25 7Y
i aR I, IR EL AR s A BRESS 1.3 95T AY ONN
B SRIGHRA I 2 ONN 19 2 5035 A5 A1 05 8 A6 T A5 78
TR 22 B SR AP 118 A0 0 M i A\ 3822 A5 761 v 25 58] 411 300
TEFARIT Y pounene o TFVHL AR (9 5678 PR 1 5 114 38 30
Fer AR | I AE I G e A 55 A0 TR 1 DX 38 5 3
FENE BN R WAF oo IBA, A8 13 A0 IE 1543
Y appearacne FHB BN HEARIY ¥, BOMASRIBEE [T BRI SE %
IR R 5

S =¥ wppeasaene T O moiion < 0 (9)
2 % OI§

ASCAEPIAN I L 28 T B R AT s 5 s 4L 1P Al
TZITEMPERE , B AT B USCD $di 4" Fl Subway
KT USCD i SR 4R AL T i bR v, 4 L AR 9% T



57 3

BT — IS 2 I 255 ) ORI 2 AL 7 vk - 63 -

1 A A B S ot A5 0 T ) 2 R TR R
(ROC) HZR <k T 10 FX (area under the curve, AUC) {E
KN FE AR, TR T Subway BRI 4% B9 bR 1 A 4R
fE RO TSRO bR, R e % S 4 R
HIEM ARSI TN

XFF AN SR | REITER B I 5% R K/ 420% 280,32
ShEG i SCRk R B AR R e R S EAR R, S TR
ANULSEH FEE S S, /R T RGB MR AT 1 1
AR, 12k T B2 S7 59 ONN 2%, LLAS: I 4 X0 A
EESE, EINGRR B, i 1 ER (5 RGB &M
BT #RE T KN A 28%28 KNy 14 B BB AT
FkE W TSRS 2 20 000 4 5 B by B 21
YIRS, FEDR R B, X RE A% 38 23 A [R] /N )  2)
AT A B PSS I R R g i R e A K
HR/NH 15%10 1357, H datis b it s 25 45 ¥4k
i ULAY ConvTran(32,3%3) -ConvTran (64 ,3%3) -ConvTran
( 128 ,3x%3) -FullyConnectd32 4254, fif At 45 W 2R FH AR I

g5Ky, XEWE A 28x28 XIEE U Kk 64 4k 1Y FF
{E ﬁﬁu/@ﬂ ONN 1 16 77 A BRUHZ e 288 1Y 1

WARSY . VIR Bttt /N5 128, W1 bR 2% 2] RN

0.001, 2% 5,00 WAk, M4 )2 R
Xavier-Glorot!" ! AT W T 1k L1 H 2R A ReLU 1F A%
PR, E & EREPERET 0.3 1Y Dropout JZ, #
AT EEFE python Fll tensorflow 53 H SLBL R, A 44 25 14
NVIDIA GeForce GTX 1080Ti ) GPU,32 GB N £l 17-
9700 £ CPU,
2.1 USCD #E&ELHER

UCSD 5% Bl S WIS T4 Pedl Fl Ped2, X P
A FEE TR A T8 A BRSSPI . 73
PR RART AR CAn4240) 505 S0 AT Nis g, W
ASFEEZ I T2 2 S R A 7 1] (76 Ped1 Hhs ]
LB AL, AT T Ped2 " AYFIHLF 1 ) |, 3050491 40 &
2 iR, BEAh,Pedl EALE 34 AN IEH Al 36 458 K/
R 238x158 MM A B, B A A0 e BB B 200 i 1T
Ped2 TALE 12 D IEH T 16 54 K/ H 320%240 1Y
AR B, A0 7 B B 150 ~200 i,

iE

Bl

B

*

7 B
(i1

i

EN -

- ) ‘C —J-
Kl 2 UCSD #4358 557 1)

Fig.2 Examples of normal events (first row) and abnormal

events ( second row) of UCSD dataset
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Table 1 Comparison with the state of the art methods
in terms of AUC % for the UCSD dataset
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abnormal events (second row) of Subway dataset
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