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Memory-augmented deep autoencoder model for

pedestrian abnormal behavior detection in video surveillance
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Abstract: With the rapid growth of video surveillance data, there is an increasing demand for video anomaly
detection, and reconstruction error detection methods based on deep autoencoders have been widely discussed.
However, the autoencoder generalizes well, can reconstruct the anomaly well and lead to missed detection. In
order to solve this problem, this paper proposes to adopt a memory module to enhance the autoencoder, which is
called the Memory-augmented autoencoder (Memory AE) method. Given the input, Memory AE first obtains the
encoding from the encoder, and then uses it as a query to retrieve the most relevant memory items for
reconstruction. In the training phase, the memory content is updated and encouraged to represent prototype
elements of normal data. In the test phase, the learned memory elements are fixed, and reconstruction is obtained
from several selected memory records of normal data, thus the reconstruction will tend to be close to normal
samples. Therefore, the reconstruction of abnormal errors will be strengthened for abnormal detection.
Experiments on two public video anomaly detection datasets, namely Avenue dataset and ShanghaiTech dataset,
proves the effectiveness of the proposed method.

Key words: anomalous event detection;  video surveillance;  auto-encoding network;

memory-augmented model;  deep learning

Yks B EA:2021-09-16; &3 HEA:2021-10-12
YEZ - FMEE, 3, B0, A5 t, FEN A TR B A . AT fE 7 M AT 5E .

20210680-1



ISk A2

% 64 www.irla.cn % 51 %
0 3 = encoders, AE) {iff F 5 & 1 22 Sk K U 558, I H — R 51

VE Ry — s GOt AT 55, P4 S Kl 45
(2 Sl 25 2 A 91 v i) S S, RE RS A AL
DX 43 WAL 4 T 8 S B R E B I Bl DL RS 2R
TERE LB JLAE Y, WFEE TR 10 2 53 i R AR O
IBFSEN SRR HARA L, AR R A SOk AR
A F 0 WA R EAESEERT, TR
AR SIS R S 8 SO T, AR 2 7 A A0
WA RLAY R 2RO A 4 55 R Ty R e T
XFE—AM s, BIATAn 527 2 BI04 1 B B R [R] (19 8
AEBA N S0 o TERXMT, A [R5 b A [
I 2] BB R I U R R N, W TR
AT R AT 1 37 55 T RE DA A 2 5 5 |9, T 3K 7 1
NAEHEAT 2518 Bl IR E 5 05 — A/ N R 2
MITEA b 75 3 7T BE R A R 2 5 1, (H R A i e
A, TE R R R S MR RE 2 E R 05 Zh Rl N Rl Bk
NS TR 1Y, TR KR W 1 B R Al BB JE IE
W HAh, m AR AR R B TUAR AL 5
B X IG I TR A SRR A MERE

WA 2 7% SCHR [6], 5 # K I J vk 38 7T L 43Ry
PIFPEARY  —FloiE o 8 @R 22 BT, B T
HIFE 1 o T A AT AR DS TS O Ry
(4 B Ar S 7E VI 25 B B2 > T 8 R =X A R F R B,
TEI 3 B BRI S FEAS RN IE B AR A Z A 1Y) 22 S5 R
1 I R AR 1) B 28 e 0 B, 9 A AR B
(1, A R T R Y S R Dy R R
W 51 H ) T A, (H G B ()RR B )™ AR T
B o 55— 2807 15 IUDRE S 460 0 4L oy 2 1)
R ek felt T O U 2R 43 28 AR AR G lot i
& (histogram of optical flow, HOF) ¥ zfj &% &r #f
(dynamic texture, DT) =2 2 1) FEAF > T30 40 45 7 51] 1)
SR X F I M R R AR T ISR
h T ARARA N AR RE, S IO CELAT DN D
FEXT T2 e W R 7 vk RO 2, SR, X PR TT
3 H LAR T B 0 2O SR 22 18] B A B G R
AT, B an A AR A M 56 2R, 3% T4 2 B S A 5t
BB E R WEAELRER R EAEN .

VT AR, B TR A2 2T 1Y 5 N T LA
DS, JE UG T HRORHERE . AN, H 4iA% 4 (autoen-

TiiRAE R AT TRt AN, AR R RZ (gen-
erative adversarial networks, GAN) Fl 45 i {2 {Z (long
Short-term Memory, LSTM) [ 45t 1 FH T fiff ke 53 5%
D[] L, SR, A bt a AT BEVZ AL RE ) B0, 32K
REUS T AL S S, S5 30k [14] #6518, i TICH =
WA, 50 FEA B A AT B A, 7T A2
SRR ARG R E A DR 2E . WU R
5 IEH U 2 5= 2 [m] i 2H e =X () an 4 b i
JRIER L), B A A A R iR T TG VA AR e e A
S 5 i, IR 4 A St d e A8 AR 4 b o S

T vk B AL gR AN AL, SCH R HTEAZ TR
RXFIREE B b fx SEAT 3G 9%, 51 A —FhicAZ 135k
H %i i (memory-augmented autoencoder, Memory AE)
Fide M AHMHRFE AN, Memory AE A4 HK
Hom B I A RS A, K AR A LI RIC 12
BEPe rPAHSCHY N2, SR A T 28 ) 2911 R 15 16 45 it
fih g, 0K A3 AR R 3 e B T U R AR R R S B
(o 20, SR AT RO W4 5 1ok il
1A R B, X RE S SR ICIC N 24 T R AR
23 () R ) AR o ZEYIZRIT B, i B s A8 A 45 [ 1) o)
AR AT BB, DAPAS BRI B A iR 22 . 7
WP Be, 27 20 B A IC I 252 18158 1Y, R Al A i
AR TE T A TR A T E A, R 5 S Ay i A 4 B ) 208
B, AR E SRR, LA RS L
B S50 B, Memory AE 1) REAG 250 8 3k 2 BLA £
RE &Ko

1 HEiEEE

¥ 124 Memory AE B REAR N 28 4544, 73 =71
SEHE: A A (T 2 A FI A AT ) i &
THEE) S (A IS FAC K F ks 5.
WE 1B, g R IR, i A o ST AR AT A A
(8o 8 0 S P (LA ), SO e i i T
EOR TR T RRICICER P R N, K5
Rt 1B 20 A S HEAT TR o ARV SRIYITR], b5 45 i
e UL/ MEE R IR 22 AT 2R, [N SE B2
FEHLLLIE SR G A 1 IE W B A9 IR . 4 E— 1
I REAS, AL F I IR He rhid A R A IE
WRACRITE R, XM, EEE T IE WA,

202106802



s Gk A2

% 64 www.irla.cn %51 A
w w'

o o el | |
- - L | | |
("_"""| ” | =
- Memory o .

. | - i . 1 wr ,

X—> . adressing | . : ® - —b-! « —*| Decoder X
= A . . 3
™ - i l{)
z 7

Memory module

P 1 B TCIC 0G5 B G re S AN T vk R
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Tab.1 Comparison with the state of the art methods in

terms of AUC%
Method Avenue ShanghaiTech
MPPCA+ SF ') 56.2%
MDT™ 77.4%
Conv-AE ¥ 80.0% 60.9%
Conv3D-AE!"! 80.9%
Stacked RNN™" 81.7% 68.0%
ConvLSTM-AE?! 77.0%
MemNormality® 88.5% 70.5%
ClusterAE™ 86.0% 73.3%
Abnormal GANP*4 - 72.4%
Pred+Recon!™! 85.1% 73.0%
Proposed method 85.7% 75.3%
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PR KN S BOE R AT, P 3E BB
K/INA 1000,

E 2(a). (b) 7 3B/ T #E H J5 7E Avenue 545
£E T ShanghaiTech £ 45 48 v i) — LE WM A B F A3t

F 2 BIZAER KNI F Avenue HIBE LI R (MR AUC%) BI2I

Tab.2 The influence of the number of memory module size on the experimental results of the Avenue data set

(frame-level AUC%)

Size of memory module 500 1000

1500 2000 2500

Result 78.2% 85.7%

85.3% 85.7% 85.8%
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