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Abstract

Due to the shortcomings of the existing anomaly detection methods in terms of the representation
of visual hierarchical perception, inspired by the regularities in perception encoding of
bio-mimetic vision, a hierarchical ICA encoding approach combined with motion-appearance is
presented for abnormal events detection. First of all, this method extends the Existing biological
visual hierarchy coding framework with three-level layer-wise learning, and uses ICA statistical
method to extract intra-layer visual perceptual coding patterns, and utilizes the HMAX mechanism
to transmit the Hierarchical information. In addition, with the processing theories of double
channels in the visual system, Each channel is proposed to separately complete three-layer coding
pattern learning. Then, these double features are fused to represent the Anomaly patterns. Based
on the joint representations, the one-class SVM model is used to predict the abnormal score for
each input. The proposed method, whose properties of motion perceptual coding and the perfor-
mance of anomaly detection, is evaluated on UCSD datasets, and the results demonstrate that the
learned feature representations in this paper for anomalous patterns are superior to other tradi-
tional hand-crafted features and deep learning features.

Keywords

Hierarchical ICA Encoding, Motion-Appearance Representations, One-Class SVM, Anomaly
Detection

ETEINLEERRICAHRBRFERAN

BEE, Xam B R R OK # B

FIETA R ENSE R b, 2 &I
Email: shilei_duan@yeah.net, wu_keweil984@163.com

Wk H: 20174F4H2H; FHHEB: 20174F4H14H; KA HB: 20174F4H719H

NES|I M B, R, R, B, WIE. R TIEsh 0L EIEE 0 ICA IR D]. TSR S R,
2017, 7(4): 301-309. https://doi.org/10.12677/csa.2017.74037



http://www.hanspub.org/journal/csa�
https://doi.org/10.12677/csa.2017.74037�
https://doi.org/10.12677/csa.2017.74037�

BREE %

m =

XA RERS TSN AEBAMBE R R RABREANAL, ETEVURBMRERER K, S8R
H—FMETEMIULEERRICAHBRE, SHERGRFHRERNES. Bk, MNREREY
M B RISHELRE, BT =FZBBEFEIHR, KAICAG T T ERIUE AL B s, FIFHMAX
DU SERE RS B, FIR, EEARERUEELEN ], S EER LR EEREREY, BEER
FRBERFTMEREREARE, BE, FIHRRSFREVRIN EENREFLETHZ. £UCSD
FoEs b, AHRAE T AT RS SR AN R B A A RS, SRS REBUA S CRTEE
AREW TIA T TROHHE, URIRESSIRHME,

KA
RGBSR GG, BN ERIE, BAHFREY, 2R

Copyright © 2017 by authors and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|

WA 55 0 i 5 BRI S AR 51 1k B VSRR A8 A 22 B Fi 3 1 O, HBUI TR FURHEIR |
WL L BRSO b . BRSSO EY, AT BE A R b Bh s A N SR EHE RS S DA R A B R R
i, IR R PR RE M PR TR R R, B B SRR FH 1] ARSI 55 b (0 O S A T 2 JF v — T o
(RRIE TS P 2%, (] Bt R AP 5 () 4 AR

SR AR F 0 LT (208 R T I R B 2 ST IR IR IS S B B A, AR e e YA B A
(138 BB AR B %A A O RR BE R A L R B R T W18 3h. a1 Hu 55 A\ [21RH 2 B AriE R EIE R UE R
BVPIREE, RIEF I HG A, BB RN G BT RERN . Mehran 28 A [3] 8 UCR R IEAT
N H F3{5 B4 £ 71458 (Social Force Model, SFM)SRAG AT b (1) 578 47 . thAh, T2 REDLR
7 B E e i AL (41 s D H T 5w Al 2 A5 8 R F #f it #44 £0 4/ (Sparse Reconstruction Cost,
SRC) N HIBTHEN . Li % AN[51K R A 3 A SRR (Mixture Dynamic Texture, MDT)X4MUL. i82h L&
(A R ERFAE AT R A8, 3R T S R AR IS . IR Uik AR AR A S R A, (EUR R A
(2T T HRAE, IS IE T BB A S 30 AR, X 7R B A A7 5 X CLSZBL, PR 1 T 46 I
PERERIE— DR TH[6].

AR, RFES S NEM I B T & B AT 55, UERH 7 R KN mIDRIERE ). IREE 2 ) AR
AR AR DN o A5 A5 S 10 2 DR AR B T SO B, MR 22 2 IR IR B AT 2 5] . I ER YIS N
[718& 7 — e T 22 RUBE T[] s VA P 28 T 6% (18 AT S i ARG DR i 6 77 . Xu 55 N [6] U4 tH A0 LATIZ 5
TR W 2% (Appearance and Motion Deep Net, AMDN)*:>]i250. 4MI L R B {5 B IR E R F T 7 /e
WMo ZT7R AR 230 B Zhmit 4% 4 AT RRAE 2% 2], R38Ot & SEnE, 43 il 2B N\ i PR32 2h AW
5 RS R o Y R AR A G, Hoh, BT RE RN T A BRSNS B E B M EAME, S5
HRE RN T RS X IR R A R HERY . B, ERFHRNTS S, XEREHERN A E 12 5



http://creativecommons.org/licenses/by/4.0/�

ANBE#ZEHH RTINS, BIE L RaEsy, 28 11832 R GniD T i 7 1 g iD 4
P, MAXBHEKRZ, SWERNER, EF R 5=l EMAEIS, NS B R .

BE XA T VT RFAE AN 3 X Ui B 2 STHRAE ,  TERRAEGRAD (1 )2 Kk R IR e FIAS L, B Sb X
1 e e R GBS HLE RN IT, AR SCR K T AP0 v 5B AL (Hierarchical Max-pooling,
HMAX)HLHI[8], XTELA ERALT AT T R, KA HA FsiRe v 87 543 73 #r (Independent Component
Analysis, ICA)SGTt 5%, ZiT 7182 BN gmis i 7E 1 = g gt , HRL0 A A5 1) XCE 1 b FRATL
Hil, SRS AN 8 RS BhiE 38 2 ) 2 3] 2 G MR, B IR 2 Bl A SR AT IEH s sh A R R
A E AN . A ST H R MAELR N 1 fR. SEERRERN T EMt, A SCEETTE DR :

1. BT SH AT 55 H O REAE S A AL, 0 B B A= L o JE R R HESE , AT =08 25 I i e,
KR ICA Giit Ji 2 BUZ WAL AN gm g A=, R HMAX HLUHISEILZ A5 AL, WK 1 h 2
ICA JIu T 7)

2. 5B BESOEE A FEALE], 2B AN T 5E R = R A S, B S RS 2 (S B
R RARIL, KA One-Class SVM X IEF AU i A5 BLEHTH €, 2 1@ ITEFHIE 2 G ROR e 42 7B
R RS RIS FIHERTE

3. 7E UCSD #u#i i b, 5 FHALANF TARTHRFAE[3] [4] [S]F1 AMDNI[6]UR B 2 S REAEHEAT T X L,
S 2 WH A ST VR ARSI RS A T o6 B v, RNt B WA T R RAE LR 1) = 2 18 B B i R

2. ETRREMWHIENR SR

A 7 R T R A T BRI, IBUR AL, SR BT IR AEAN 3D I A5 B LR 5545
RRFHEAUE TR RAE, Bk Z i KA giSRILRE S, I SFECAERASIIPERE. AMDN J5E E IR
HRRIZ S5 K 93 0 2 2 AW 383 P E A I gmA RR A ] TR sk . ASOT iR R AL 8 A it
SRR, SRR Sf 2 85, AF TS T T AR EL 5 AMDN JiEAfE R AR - A7 48 Bl & A
[Al: 1) ASCEF G HE SR AR5 5 48 1 XUEE AL BEAL A, AMDN J5 32K H 2 2% 1) =8 TE 22 ST L
fil: 2) AERHELA G =R 245K, AMDN T3k RREE B NS, 20 50008 BR R0 R 5% R AN
f; 3) EBSMVLHEIE RS RIS A ASCRAFHERL S 7, AMDN JRE KM G 5 4) A
e A RURRE 2 AR I8 B BRI A4 I, AMDN 7772 2 SR 25 th 1 B & T 5) ATk
MRS ICA 22 2 53%, T HAEG R Z R8N 13— AR IE Ltk B e [9] S5 AR Gtk R LR
25 22 [AHE BAL R /1, AMDN 777K A& Gk i g it 2% >) S5

2.1. ERImBIEL

NG 22 G5 P AR AE S5 R T REAF S 3 5 (A 9 S0l B [10]: — 25 REMIE B, 3= B0 B Ar R A 4L
HEEE, A4 RENER, TR B ERIZE) T G R %, WE RS 28 802 TR
P, BEEREZ ARG EA T A, 8 1 i ZOHERS o I SAL A X E (5 AL BENLH . P 4% 4 A A
AR 2 S FE[11], BRSNS B RE ERgmASERE[12], JBR T Ik, ARSCH U E B R A A [F )
Sk )i sk 1R

JE GRS RV R )2 R AN R PR RS2 T o B2 B B R [ 18] 2 SCRFILEAS S8 12 B AT A BRI A= 4
BRI, H A BRI SRR X2 B 2 S R, 1% X3 RT DA S| A LR L oA B R . . B
TR, BINEMZERRDITEF, FEEERMABIEA, RIE: 1 RS 80 pgsgm, &8 XIS EAR
Wrth3 K, FTHR I RRAE RIA E A EAEAWIE . PRIk, AR IS BPRAAE AN R], AR SCREAY 1) G B 5 1
LR T =B K2 FERLIZ DL T M EEE, BN 3 gi5iE 38 0 5 5 450



| SSRFRIRL

| saREERs
A
I |
RIS
- T | T
gicates UMM
JEYICAKE TG ) i

Figure 1. Framework of this paper for anomaly detection.
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Algorithm 1. Multi-channels hierarchical ICA encoding algorithm
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Figure 2. Visualization of feature representations for three-level neurons, (a) Low-level; (b) Mid-level; (c) High-level
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Figure 3. Responsive feature maps and associated receptive field region
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Table 1. Quantitative comparison for anomaly detection on UCSD dataset
= 1. UCSD #UiR&E LR BN E S TSR

Ped1 i)z Pedl 1% )Z Ped2 i)z
LRl prRFS

AUC (%) AUC (%) AUC (%)
Social Force [3] 67.5 19.7 55.6
MDT [4] 81.8 44.1 82.9
Sparse Reconstruction [5] 86.0 46.1 —
AMDN [6] 92.1 67.2 90.8
ATk 89.8 725 92.3
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Figure 4. Quantitative curves for anomaly detection on UCSD dataset. (a) ROC curves of frame-level for detection results
on Pedl; (b) ROC curves of pixel-level for detection results on Ped1; (c) EER results for UCSD dataset; (d) ROC curves of
frame-level for detection results on Ped2
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Figure 5. Examples for anomaly detection on UCSD dataset
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