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Application of REM memory model in image
recognition and classification

JIANG Ying, WANG Yanjiang
(College of Information and Control Engineering, China University of Petroleum, Qingdao 266580, China)

Abstract; We attempt to combine a memory model with image learning and recognition and to research the
application of the REM model in image recognition and classification. An image feature vector was obtained by
histograms of oriented gradients (HOG) and local binary pattern (LBP) operators; every component of a feature
vector was copied with a certain probability, allowing for an error-prone copy of the studied vector. Finally,
Bayesian decision theory was applied for calculating the average likelihood ratio between the feature vector of the
probe image and that of the studied image set. The value of the ratio was used to decide whether the probe image
had been studied.Experimental results demonstrate that the proposed method can gain a good recognition effect not
only for the classification of the same object with small rotation angles but also for the recognition of the same
category object. Moreover, the false rate is far lower than that of other classification methods.

Keywords : image recognition; memory modeling; HOG feature; LBP feature; Bayesian decision

P MG B 43 25 5 U5 98 2 11 LA o T W4 4325w SVM S EHLAMEEER D) BRI

7% SRR 5 ML 2% 2T 803k P 1 — > FE TS BRI 2L AIERE S ELM M BRI AL R A8t 4 5%
Jrie, ARV R 2 N T WARIT RGN R RS R EMG s 2B8OR s BRI
ISR B R G AT AR S EREE SC R G THEMER 2 T vk Sl iR Ay S A M T T A TR
T FEAG I 5 A R R B A TAEOR, R AR 2 5 i TAE, Bl G g i 7 ik 28 E SE 7 R 2k
THRENTER, T EIGHS]5 4r 0 4% AT S PERE , 3L T O R I 2 B
FRERE S5 2 HORST, R r 4 0 2525 M Fsi i ik g AR 4k 32 1, 4n SRC 5 k™ [ CRC
- J7ElT RSC 7Y B RLRC k! 4 RAE B
LA s SR g TSI R A 1
PRI R H (ZR2013FQOIS) s A F B RHIRL S B 47 U0 vk 2 & - K 37, 200 T 3k

U9 4 9 BhI0 H (14CX06066A ) . . ) ) .
FAE (T AT E-mail: yjwane@ upe.edu.cn P BT S — S ik 5 RS 23 Wy it




53 1

FHE A5 REM ICAZRBRITE RR S 2EU (4 5 - 311 -

P48 SR AR S5 9 1 o A 0 o 0 e —
KRS BRI RN AR X 43, RAE /N2 ik &
AL D Can D) s S B0 1 5K ) |
X T8 UGB B A 27 2 3 A A% 48 AR AR
IR AR TR A B2 3, Hi
[FIRETE LT, NN Y8 3] 8T 0 AR 1 1422 S g
S R Wik BB AN TR IZ A A 2 2 Wy L
J& TH—2R T &2 ik, ABTRE, TR L
MAERIETE Y 2 HAn 2 i LR RN 2R —HE 4%
Sy NS IR, PR B WO B DL SO A
RREfFIR I 20 KBRS ) Mok B Ar A ]
B U ok 5 AL IO A AR S U
R, ANMTETE SR M ZE 2 e 12 &
SERALEE, IR YT, 5z P AE Sl
WARYSY REs €1 G SN IK7 SIS DO N 5 ST
NEFT I SR, 7R A ICAZ i R A B A ]
BN T A7 AR B AT SR AN A5 1 0, Murdock
IR BR A AR B i 2 /D B B 4 N [R) R
B RS ANAT B 8 WA S SR B AR Bk,
TGS HE B BB A LA R AR BAE i R % X,
SEx Sl EMT T N LR T A AE T Fge i d
TV S 2 HEAE N EAC BB S . Raaijmakers
SEUSIEEH T SAM BRI AE A 0 5 B < ig AL
87 3R35, BEfM BEICIC 5T TP B 91 ik RN 5] 3R
KPR DL K R 40 46 BTG 125 it R B AR 800 5
Hintzman 2&1'° $ 1 () MINERVA 2 B85 YO 5
W 5 eI A TR UL 1A % 185 &
SR RN LA K B AR RO 5 Shiffrin 557 2 ) REM
Te A A ,%Fﬁ Bayesian I%%fr%;%’%%%ﬁ%?ﬂ%
AR T IC O 2R, BIR Sic 1 A B )
TR TR H T 2 A o A DG A B0 B8 o B A 6 Ay | 58
B, ot REM (e AR 8 98 H AN PR Dy L 51
PR A 5T AT DU B S gt g il
V2 G, NH)RACEE 51 3 5 B 5 1) 140 5
RUONEAE . REM B RUGHE Sic A4 a5 v (0 51 3 ik 2
BRONE B R B AR | TR VAT 2R 0N A S A5 T 8N
HIEZ ROC BERUN B il B 5] T AR5
N BT REM BRI A E— A5 oo sl T 3k
(ESESES FE 73K 10 A AR AL i H T SR R il 43
Frbr, BT R ZH0C 108 B 2R HIIRIE 5 3R 1 24
2055 % H AR BG4 2 R oy R R AR AR 2
ARSI REM AL S | AL EHR B A7t 5 1R
B, I — AP LT REM (02 i 052 PSR B 2

) AEhE SO
1 EGREMERE

PG AIE 4 MR R o [ 45 2 ) ol A v k2 25
WOCHEMIMEIT . T LA, VF 22 e i 32 U 05 Bl Bt
Srg I w s F T AU A0 O T B R L
(HOG) 48 Jryih —{HA (LBP) 7 RUEE A4S
fIEFLA (SIFT) 24 s & RHAE (SURF) 48,
H HOG 551 REAR & sl A =il H AR i R B S TR IR
LBP B HA KL ROBEASASPE R e % AN A8, A% 3C
N4 3 T e B[] B 107 T PTG AR AE 4 JBC LA i ik 14
BIIEAR 5 SORAFAE
1.1 HOG ##1E

J7 10 B B B 5 & (histogram of oriented gradient,
HOG ) F#ESZ 1 N. Dalal 55" 4 H ) —Fh 4 (A R A0E
TR, HOE A TR RGeS R & X S B
] B 7 U RAG BRRAE . HOG $FAiF $2 BB 2 i H Ak
SRR AN 1 s

H—1L RS
]
TIAEEAMRE 5 B R Ty 1) 5 R

]
KA cellHR (A E B 7 LA TR AN EE (R 135
i
Ko} A~ B Fblock BN (K celliE 10 L BE I —14k
!
B A7 block BN 19 B 7 IR 1) 2 40 W — AN KR HOGAFAE [iv)

B 1 HOG $HERIEERTE
Fig.1 The flow chart of HOG algorithm

1.2 LBP #fE

Jarh —AE 0 (LBP) J& /1 T.Ojala , M. Pietikiiinen
F1D. Harwood £ H4 By —Ff B B RUBEAS AR P FE e A
ARPER SO 5 LBP S A RE I A [
RS FIARAR SR A 2, BIFSE N GO H R 7 2% P gt
Sk, 420 R ARDE XN & P ASRAER
(4 LBP 5 F I LBP e AR T, T. Ojala™”
E T — M EF AR B R ps A o B AR 17
i RN A=y T e Sy

AR LBP AFIESE R E L R AN T

D) Xt B G B 3 — MR L E SCRE AR
H L EAMEER I KBRS ARG 8 MR R YK (E
oA A TR R R R T R R, WHZ R R A



312 - O AR

E

AN
F’N’

o512 %

PEEPARICH 1, BWK 0, XAERT 4 8 o7 ki
B, BRI O R R SRR LBP {H,

2) AW e [ 4B 3845 B — R AN R IR LY
LBP {f, B/ IMEFE N IZAZZ s LBP {H,

3)Giit LBP (B4R B — HERIECN 0~1 8 1~0
BIRAR A R B, AR AR 9k A8 U BOR L T EIR— A LBP
B, A P+1=9 R, A3 81 B EU A RIS R
A5 LBP fH,

4) EUR T T 1% 2 5 Y LBP {44 R IE i—
A~ LBP RHFAERE , R EHS Y LBP R,

2 REM A 7 W5 B ol & 34

it 5 R EUF 8 R A

AR AZ 1 PR 4 BB ——REM 5% A &
Shiffrin %57 1997 4FH H A9 — 4~ F TR0 08 13
TARTY 2R Bayesian BLSTTHA LR 510145
BIRBREE T ICEE R, BT RS R BT 21
SOOI R g —SeRL 22 I G N5 i B AN L 41
FAR RN, IRTCARASALN, B AN 5 IEAS ROC A}
TGN H 5 SAM MINERVA2 R fit) 32 %2 [X 1] 22 —
T LS TSR R A DL 15, 2 B PR B A A
H A IEA B 2 —

REM i {24 B 9t 45 1 2 5, WF 55 N B4 o 482 %
REM A AIBEFTATSY . Stams 251 38 1o o 2 5 5 $2 B
LR T 5 R G s, X ELAFSE T REM AL
BCDMEM AU $ it 2 It H 5 B X iR 4 R B AR
HIfEREDEEE . Cox 41 7E REM 5 RCA-REM #5703t
Bl B4R —ASBA I C AR U SE T B 7R AT 55
SIS Al R AR B, R 7 vk 40
AR REARAS A PEAYIA I R 3, Criss 2570 XF 1L T
REM #i%Y5j SLiM ( the subjective likelihood model ) £5
&I REM A58 15030 £ 152 42 5 45 5 ; M. Montenegro
FEPURRSE T REM BEAY ) i A e ak 1K, SR sl A
Fourier 84t | 25 i REM #5HUfY FT U0 A2, S AE
YA SEE TSR TN ) i b 5 SRR OB
e Wb 23k, W & S 2 A5 5 BCDMEM A%
TR [ 9 — S I . AR S 1, B R b ) —
S E R — D TRRAE, [0 K B S HOR AN 1] Z
e
2.1 $FERIESEE

REM BRI k42 oy AR B, 451 EZ
JEFH— MR PR B, I H A A7k 4G SR et

FEOE(E )i — DA B S A I 2 i, A 3C
REELE REM 806 Sl A7 Gt T i BRI
A% PG 2 2T e A A AR T R R ] i
TP, R E S il A b Fe /et B R

MG e R R 3R IR 5 LBP 5 HOG #¢#
TiE K 00 55 A T ) 0B s Bk o A i 5 ke
kT, HOG FRAE2 H /NECE B, IE A S £ 3
B, K5 REM AR A3 7 S0 r 7 B b X 2 R
TEY R 10 £59F DU & A, B2 2 — IR MG RRAIE 1)
i 0 TR WA AT AR B RO A 5
BIEER R w , FEE, — B EAMER A, 2514
EASHE . WX HEAFHEA R, HARMEEAE
Sl OB A IR o, DL 1-c IUMESARYE P
(V=j1=(1-g)" 'g,j=1,2, -, obBHLIMA, T FLVFIH
SRIEIBCE BB T REE

HV={V i _ . WREHTA C A ER B RE
B Hh VARIRE S BUGEG T j mIEHR 1. 1%
i1, N e 2E 2 RS G I EUR AL
22 RE

B BRI BRI, R R R vV, 5V=
[V o fHEATICHEE ERCE SR D= (D} -y, .y,
Horb D, o ERASAE S5 D PUSE R ARAE 1Y
VERCEE R, H s BMR R 5 gk I UG 18] 9 A7 i
FI& , d GRS BRI EG 2 A0 F A A o L5
PIFERE RIS

PASIMEIE 1, 55 RCAFRERIR 1 A PE R
FRAVCHUD PRI TR A RIFEWLIN S5 2R D, B
Bl 136 IR ESh s BUR S d BSOS LU (E .

P(D.|S))
T P(IN)

(- 15 (1-c)g (lt/:lg)"‘y”‘ (0
g(l-g)"
.S, AR j REIENG s R AR N oSS j &l
B d BB s M O ARZ RS 0G0 fi) 2 4
GECHAY 3% v, %5 B S | AR E G
n, V5V, IR AR A5 ¢ LT 4
2.3 Bayesian %K

HEWMEAR L, KBS AE 2T RET=
o TG AR e, 3 XA B4R
G b 2T A E A I 1 5 TH A

keM

I

HA={A A,
AR HER N



311 FLHE 5 REM iR TE MG 43 25050 B v . 313 -
P(0)P(D|0) M Coil-20 MG EH PE h e B B 25 ] G, A
¢=Pwun: P(D)  _ P(D|0) _ BEFE T 15 ARIEITE 1S, H A 3 iR B2 )
P(N|D)  P(N)P(DIN) P(D|N) Eg e, 1B 3 KRG HSCFRE (A ~0) 4t AT
P(D) 15 H RIS
L P(DIS)P(S) & 1 P(DIS)
; P(DIN) E?anmo' 3
IN,HQMJHPme>
L 2 i#j _
anPuMMfHPwAM>

j:

P(D,|S, ) 1
N 2 P(D,|N, ) N

e ¢>1 T 2N kg B A 1) P45 2% 2T I TR
14, R CHZ UG DC AR R A, (AR5 e PG 5
R Z AN A G IEHT B) , MR- T3

TSRS I P 5 2 B 2 20 1 MG A i /N AR Ak
e 2 5 MR, T 24 W AR )t  $2 R AR
BT, e RO P15 -5 %o I ) 22 > ol PRI ) AR v
HEMRIE AR —2, 1R REM A58 rb 1% 53 il 3k
FEIRE: FECR—ECRHF A BSE AN, T LR R}
SARE 1—c WAHTE (115 A<<1, BASCAME T %A
Hilad A, [, BT IR B SR EE A & LBP 4F1E,
T LBP HRAE 1] B by 8 % I S 45 28 A8 X J
Hl [ 2RI 0 55 8 AYIX B, FRATHIE 2 i
P POZICI RS R, P B BRI 2=0.4,¢=
0.7,

e R

Pt l1068453| 270153 0]
BASI B (R i F 1048453

VEFCES R |1m 06q84m 5m 3m ||2q7q 0 1q 5m 3q 0 |
S AT

E%fﬂmm 1451031417 6492.78][0.30310.364903 1
ISR A=1177 2,=0.18

EES $=(4,+1,)/2=5.98

FITk $>LERIEIRE “IH” . B 55 R RR I

E2 BudsIEGRESFEFRRINEESF
Fig.2 An improved numerical example for the storage

and retrieval of the image feature

3 ELIEgR

RSSHIEAS SC #2715 098 2 M, 7E Matlab 2 2
WEE R e X 8H 8 F VK2 Coil-20 MG
MR 2 L T A2 Caltech-256 BdiE > i ]
GRIEA TSI,

3.1 Coil-20 BiEESLIRER

Coil-20 W 72 H 20 A [a] X 42 1 i s 1544
B, B RS AE K T W) L JiERE 3600, I HERR 5o FA
—iK BB R NI A 72 TRER, ER EUR R R
7128 128,

= q

A=
G 1

J
ﬂ‘
K L M N 5}

B3 BEIEKE
Fig.3 The studied images set
FAE MBS P e B K P 5%, Bl i P A AR
Py SR 4 Frs LA IEIR

s

(a) “ " E&

Bl T

(b)“IH” &%

S| & [l

(¢) B2 W H 1y TiEke k1%

S| o B B
=

(d) B2~ i H kel 154 1

(e) B HEREEA N

() B2 T H iehe R 41
B4 HKEGE
Fig.4 The probe images set



. 314 - E

A & v M

o512 %

AR ) B 4E 25 L i REM B AU Hh P e R AE
FHRGZ TPELRR S RPSHIHEZA 1-c T
AHTE, FEA< | e B TR RO, 8Ok
HY KE10"™ 1%, 3R 1 RF A SRR X 6 4
S UGB TR B R R I 4

F1 Coil-20 HIEELHRER
Table 1 The experimental result on the Coil-20 database
BURH 108 E208 B30 40 5
(a) ¥V NV BV BV OBV
(b)  (AL) V (BA) V (DB) V (KD) V (KL) V
() (MV (B)YV #H x #H x  #Hix
() MV (MHV (HV DV AV
(e) (E)V (E)V (E)V # x  ¥ix
M MV OV OV DV  Hix

1 PRE FARR MR E G B B 2T ]
BTSNV BRI TE R, < x” DERA A A 1R, AR
WAR EURAL (a) (b) AN A BG4 (¢)
5 BT 2% 2 I H W e US4, HA 2 @I ES b
IERRB R B2 ) RGBS e A e s s 3 31k
HRARFE IR ERAL(d) (e) (f) BMHASEH A
B, BE A G TE R A R, S R SRR L, &
FORFBCRAS AR ) S5 R A T, R R Y LBP B
T HAWERE A H 2 Y e 5 f B8 1 — 2 ¥
2B ASREAR Ly Hh 220 1] R ARAE
3.2 Caltech-256 IEEFLLLER

Caltech-256 %405 22k B A1 48 A 3 B T 22 B,
A AT 29 780/ EME, & T 256 A~ AR
G H 25, B4 EHE S BIE & AT 80 iR T
FHNAA A G ik 26 BR s T A — 25 (BT AN 2

SEa MR SEE 0 £ 1 B o ) B S1 R anE
5 PR,

K e

(OB ()R

(a)FR Bk (d) P (e)ak47

HEH (@FRE (hTFaf (1)K (k%

B 5 Caltech-256 HIHEEH B S EKRE
Fig.5 The studied images set on the Caltech—256 database
NESHE b 20 R B R, B 10 &
B 2E S i AR ER S 10 BRI, K 6
Firs

/ ib@@ ﬂ g
CHT =P

9

Q t A

B 6 Caltech-256 $#E B A 4 16 i B4R &
Fig.6 The probe images set on the Caltech-256 database
FIFHA SCRTE 3376 LBP RRAE(E T K PIAE,
¢ HY K 10PN LI A5 Rl 4% 2 4ith
%2 Caltech-256 HIEEFXW R
Table 2 The result on the Caltech-256 database

15 16

L3FEA 4hie FEA ghig
1 (a) V 11 oV
2 B ox 12 ;o\
3 B x 13 oV
4 () VvV 14 oV
5 (g) V 15 oV
6 (¢) V 16 oV
7 Hrox 17 oV
8 (d) V 18 oV
9 (i) V 19 oV
10 Brox 20 oV

XTTHT 10 &1 TH” i EG, Hrb A 7 @l RS
IEAf U ok, FEA 3 R AR B Al R b ) T R
LR 10 8 RS ER 9 A R B, %K
Ui AR SO A EE T REM SCAZA ) 4 -G R )
R IEXT R — S R R A 3%, ok [ — 2R
RN i i T A
3.2.1 FEBRABITRR R @

JUt o (E A LBP HFAE 7] 5 9 A% 4572 Ak okt
Caltech-256 %4 25250 25 S Y 2 ), AR SCR H 2 41
¢ {EF LBP ZSAL s 4752 50, Sy g SR an &l 7,

B 7 73R 1 7EAN A & {E AT LBP HF R4 £k
LT GRS P Py JEHCR P BUIIR S ROC
<k, 3 Fhth 2o 340K ¢ (HY K 107,107, 10
fEZJE SRR . e ¢ [HED KRZ /D6, E
LBP FFAEAS B0 38 i, o v R 028 388, L[] B
fRAWAERE N, 24 LBP A550CK 2 B, R R U
KAE, BIANIE o [EHBEY K245 LBP FREREY K 2
F s GO e i e . ARWI S & (B K 101
RIS AR R 591 2 A A 1 450 B TR0 A, LA P A



53 1

Y 4 REM 0 I AR RUE 43 28R 3 P i - 315 -

DU BRI R AT, WS 3 ASEI A ROC T
AT FL(AUC) #E47 % IR & o (E kDK 107 1%
if ROC Hi£R N A AUk, RRSE a0 vEmf P e fd . 24

1.0
0.8
£ 0.6
13
0.4
0.2 - - - -
1.0 1.5 2.0 25 3.0
LBPfE%L
(a)ihirP R gk
1.0
09 @x10” \( &x10”
08 7Z A
N
R o7 / \
X &
- k/ 100 \‘s:v
&x10
0.6
X
0.5
1.0
LBPF?&(
(o) IR Hh 2k

LBP FFE(E Y KM% H. & [H K 107 50, 5245
PRCR R B e

R

1.0 1.5 2.0 25 3.0

LBPf5%L
(b) R R £k
LOT @x10” P
/
0.8 @XIOSU
EAy
Q: 0.6 ¢’><10100
0.4
0.2 ‘
0 02 04 06 08 1.0
P,
()ROC 4k

7 AE @ ES LBP EHEL THIKI MLk
Fig.7 The hit and false rate curve under the varying value of @ and LBP

3.2.2 5 SRC J ik LI MEA AT I

SIHSR I SRC FEE SRR INT . A 2%
PG AR 1] bR i o X, X — A 460 PR R AE
[ERIC A Y, SRAFUN T e LR

min | ¥ - XH |} (3)

RIGHE F= | Y-X.H. || 2,i=1,2,- I8 RE/N
B F o BEBE N EF SN B AZ N E %
BN IIEH 5 F L <A RIREE R C 2t i,
IHAG F W R R IEH

M 3 HA] LAF Y SRC B 7E A =290 I i)
AR Py AR SCRA MR, HR IR R Py miik
7/10, 38 & A SCHIE N B HRE

%3 AXFHEE SRC EIEFE Caltech-256 HHERESSIGXTEE
Table 3 Performance comparison between the proposed method
and the SRC method on the Caltech-256 database

M T RES Py Py

A5k 7/10 0/10
SRC(A=270) 5/10 2/10
SRC(A=280) 6/10 3/10
SRC(A=290) 7/10 7/10

3.23 5 X H@BH(SVM) Hiked 5 i b sk 2 rk
SRy it — 20 A BT B 5k A R X T AR S
P 5 S HE AL (SVM) 29278 Caltech-256
BE e E R o iR, SCue Rk BUAL 5 BRI
YIZREMG , BN 51 8 T 10 NASEZE B 10 TR %R,
SR B AR AE | I 20 S AEIZES (10 DN EF T2
A5 10 A1) 1 100 187 KSR, B4 200 7 ) 1k
S iREME, LS EGER ¢=0.3,2=0.4, LK 25 %
k4 R,

F4 AXFHES SVM EETE Caltech-256 EHERESLIGXTEL
Table 4

Performance comparison between the proposed

method and the SVM method on the Caltech-256

database %
LYk Py Py
A3 ik 68 0
SVM 64 100

ARBA S, X 2 > 3 (1 2800, AR SCRE A B AR
GF AR R I HXE DA 27 20 2o (9 288 1) 1) g e 36k
0, BIFE IR IL F] 100% , 1 SVM 3435 10 i iR &
ik 100% .



- 316 - O AR

E

o512 %

4 HFRE

FENGA N IE SR Y 5 T g R 2% >0 U0
5 REM BERIZE &7 —ii, 500E T REM i /2R A AT
DL ASREUR WA S ER L, SR 45 RAESE 1,
JITE& T 1% B 6% S5 LA /)N WG R T 2 17 0 T ey 15 . 1%
BT 55 5 17 02 G R 9 4 284 55 [
5 SRC,SVM B3 1 S 5 6 Eb 2485 SR B, AR S0y 7%
) 4R FGAE T SRC 55 SVM 7k, (Hl T34 %
HEFRIBOT B BRI, & REM R A B XHRFE 63k %
A B H H ) X b BE SR SRR ) T R o SR R
PRI G % SR T 2 78 A P AR 2 U XY 1) SRR AE
I a2 2 RS ARRAE 2235, R Bl iE REM A5 4R 1iF
TR T, DI e BRI 32 N — 2P o
A,

SE W

[1]XU Y, ZHANG B, ZHONG Z. Multiple representations and
sparse representation for image classification[ J]. Pattern
recognition letters, 2015, 68. 9-14.

[ 2] HELLMAN M E. The nearest neighbor classification rule with a
reject option[ J]. IEEE transactions on systems science and cy-
bernetics, 1970, 6(3) . 179-185.

[3]DENOEUX T. A neural network classifier based on Dempster-
Shafer theory[ J]. IEEE transactions on systems man and cy-
bernetics-Part A systems and humans, 2010, 30(2) ; 131-150.

[4] DAVTALAB R, DEZFOULIAN M H, MANSOORIZADEH
M. Multi-level fuzzy min-max neural network classifier[J].
IEEE transactions on neural networks and learning systems,
2014, 25(3) ; 470-482.

[5] CHANG C C, LIN C J. LIBSVM: a library for support
vector machines[ J].ACM transactions on intelligent systems
and technology, 2011, 2(3) . 389-396.

[6] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ J]. Computer
science, 2014.

[7] HUANG G B. What are extreme learning machines? Filling
the gap between Frank Rosenblatt’s dream and John von
Neumann’s puzzle[ J |. Cognitive computation, 2015, 7(3)
263-278.

[8] WRIGHT J, YANG A Y, GANESH A, et al. Robust face
recognition via sparse representation[ J ]. IEEE transactions
on pattern analysis and machine intelligence, 2008, 31(2)
210-227.

[9] ZHANG L, YANG M, FENG X. Sparse representation or

collaborative representation; Which helps face recognition[ C1//
International Conference on Computer Vision, 2011, 471-478.

[10]YANG M, ZHANG L YANG J, ZHANG D. Robust sparse
coding for face recognition[ C]//IEEE Computer Society
Conference on Computer Vision and Pattern Recognition
(CVPR), 2011, 42(7) . 625-632.

[ 11 ]SCHOLKOPF B, PLATT J, HOFMANN T. Sparse representation
for signal classification[ J ]. Advances in neural information
processing systems, 2007, 19. 609-616.

[ 12] WANG Y. Formal description of the cognitive process of
memorization[ M ]//Transactions on Computational Science
V. Springer Berlin Heidelberg, 2009, 81-98.

[13]WANG Y, CHIEW V. On the cognitive process of human
problem solving[ J]. Cognitive systems research, 2010, 11
(1): 81-92.

[ 14]MURDOCK B B. A theory of the storage and retrieval of
item and associative information[ J ]. Psychological review,
1982, 89(6) : 609-626.

[ 15]RAAIJMAKERS J G W, SHIFFRIN R M. SAM; a theory of
probabilistic search of associative memory[ J]. Psychology of
learning and motivation, 1980, 14. 207-262.

[ 16 ] HINTZMAN D L. Judgments of frequency and recognition
memory in a multiple-trace model [ J ]. Psychological review,
1988, 95(4): 528-551.

[17]SHIFFRIN R M, STEYVERS M. A model for recognition
memory : REM-retrieving effectively from memory[ J]. Psy-
chonomic bulletin and review, 1997, 4(2) . 145-166.

[18]STARN J J, WHITE C N, RATCLIFF R. A direct test of
the differentiation mechanism: REM, BCDMEM, and the
strength-based mirror effect in recognition memory [ J ].
Journal of memory and language, 2010, 63(1) . 18-34.

[19] COX G E, SHIFFRIN R M. Criterion Setting and the
dynamics of recognition memory [ J]. Topics in cognitive
science, 2012, 4(1) . 135-150.

[20]CRISS A H,MCCLELLAND ] L. Differentiating the differ-
entiation models: a comparison of the retrieving effectively
from memory model (REM) and the subjective likelihood
model (SLiM) [ J]. Journal of memory and language,
2006, 55(4) . 447-460.

[21]MONTENEGRO M, MYUNG J I, PITT M A. Analytical
expressions for the REM model of recognition memory[ J].
Journal of mathematical psychology, 2014, 60 ( 3):
23-28.

[22]DALAL N, TRIGGS B. Histograms of oriented gradients for
human detection[ C]// Computer Vision and Pattern Rec-
ognition. IEEE Computer Society Conference, on, 2005:
886-893.



53 4

FHE A5 REM ICAZRBRITE RR S 2EU (4 5 - 317 -

[23]OJALA T, HARWOOD I. A Comparative study of texture
measures with classification based on feature distributions
[J]. Pattern recognition, 1996, 29(1); 51-59.

[24]LOWE D G. Distinctive image features from scale-invariant
keypoints [ J ]. International journal of computer vision,
2004, 60(2) :91-110.

[25]BAY H, TUYTELAARS T, VAN GOOL L. SURF: speeded
up robust features [ J]. Computer vision and image under-
standing, 2006, 110(3) ; 404-417.

[ 26 ] PIETIKAINEN M, OJALA T, XU Z. Rotation-invariant texture
classification using feature distributions[ J]. Pattern recognition,
2000, 33(1); 43-52.

[27]0JALA T, PIETIKAINEN, MAENPAA T. Multiresolution
gray-scale and rotation invariant texture classification with
local binary patterns[ J ]. IEEE transactions on pattern a-
nalysis and machine intelligence, 2002, 24(7) . 971-987.

[28]NENE A S, NAYAR S K, MURASE H. Columbia object
image library (COIL-20) [ R]. CUCS-005-96, 1996.

[29] GRIFFIN G, HOLUB A, PERONA P. Caltech-256 object
category dataset| R ]. Pasadena; California Institute of Tech-
nology , 2007.

EE T :

FUE, 4, 1985 AF A TR,

RIS AL SE A AEAZ

R

FIEIT, B, 1966 4FA4:, 2 #%, i1
A U, BRI 1) AU
el BALEE A RICIZ TS A L & A
25K 55 T i W0 24 i % o i . EHEZ
WER ARRREETE RS AR
Bl T H, & #S¥ARIB 100 4
e HoH gl SCTLEL 3R 40 A5

2017 &5 13 P EE e R HE &
The Chinese Intelligent Systems Conference ( CISC)

R BER G BOE P T e R S

KA T A2 KGRI RN ARV SRR NA

B 5 WA LR TR N BR A2 RS G- 6, LAHE S e 8 B8 R e AH GBI HoR 5 0]
B 2, AR 13 Ji b B RE R GE 4 (CISC  2017) 4T 2017 410 A 14-15 HAERBBITEHPHIT BT, ARkE
WP EANTEG S ED,  PEATEGEYSE R ERRG L Z RS  HPHTINE B 5 I 52 ik
K2 I, VG NG H Springer H Wik 7E Lecture Notes in Electrical Engineering 251 1E R, EI Wk, #4

PEVCGHLIE N AR R R~ B ERBEAR AR 223, S8 o

Edar P EATEE RS

B FEATEEESERERRE LI ER S

AP BAL A PHTIN R IR AR K

ARIR

SWERF PR AR HIR R R HPH NS~ B

fESCSEHE
S01 ZH etk R4
S02 A £ 421l
S03 Faetlas A
S04 B IRRG SRHESTS
S05 4 55 dE IRk sl il
S06 MIAFR G5 AN T Afr
S07 BH5 [ i £ il
S08 K E 5 ikl
S09 i A4 il
S10 ALt 5 AR S5 H 45 il
S11 R et s SR+ A
S12 #r A R Gi 5 TCL AL RN 4%

21 M ik ; http ; //sias.buaa.edu.cn/info/1007/1132.htm

S13 4 fEAg i 5 4 il

S14 F 2% > 5 4l

S15 15 BRI S 15 B Rl &
S16 AT TN A 1 T 5
S17 RIS BRI RS
S18 i fig il i 5 2 il
S19 [ AT A
S20 L R4 K H A Bk
S21 HROR 2R 40 5 ph 42 R 2%
S22 it KRR R R4
S23 Hith



