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Abstract: This paper proposes a novel method for object recognition by using a computational model of feature
binding, in which Gabor features are employed as the elementary features and correlation statistics provide the basis
for implementing the feature binding. A group of object recognition experiments are conducted with this method,
and the results prove the comparatively good performances with high recognition precision and high speed,
indicating the validity of this method and the computational model.
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Layerl:
Pilayerl(t) = Z\Nilpfil(t) (1)
i1
Pilayert() RN LEE | DA ICIEE t UOEA K H (Pitayer2(t), Pitayera(t), MR ML S HE), 5 1 JZ2¥ A linking i
NI LR JE 2 eI 32 feeding BTN Prig (V)3 LAAH RAUAE wig 19 SR ARFILIE 5, Py () 2 A0 3B 5 A\ [ REAEAE
(B 1 JF AR ), e 2 i ) HL AN B I ) A% 4wy R 1 HL i1={1}.

Layer2:
Pilayerz(t) = (zvvlzpflz(t)j(HW;ZPI]Z(t)J (2)
i2 j2
Pz (1) = exp(=1x (P, pers (V) = MaxVal)?) (3)
Pljz(t) = szlayerz(t _l)ﬂ] Pj2|ayer3(t _1) (4)

552 25 i MU t UL Pitagera(t) H feeding %N Pria(t) - AR wip 1) 2 BUR11S linking i A
Puo(t) S AU W, 1) SR BUTRREAT T A 5 3K AF, Prio(t) 1 22 5N B) U 55, JE 1, Pigrayers (0 /2 15585 2 258 | AP TOHHIE
MIEE 1 B3 i2 AMETTAE t BT ZIH% H MaxVal J& ZA & oA 728 1 B3 i2 M T —A gk s,
FRE SCILER 2.2 74531 Pia() 12 30(4) /2 5 58 2 J2 58 | A2 70 R 28 (K S b 4 6 0 j2layer2(RIE R B 1 ] —
A HELRHE P, B AR LA 2.2 LA R S METIER N 3 R MEATT j2layerd 7 t-1 I ZI 14

Layer3:
Pilayers(t) = zWiSPfis(t) (5)
i3
Pfis(t) = Pi3|ayer2 ® (6)
Pilayer3_ after (t) = Pilayer3 (t) / Z leayer3 (t), nj"j %3E$$ géﬁﬁ\ﬁ (7)
j=1

S 3R I A2 R BEAT linking HAE VR Piayera(t) 55 1 feeding 41 A Pria(t) 36 LU Wig ) SUEUAI,
Ferp Prg(t) /555 3 258 1 M TTHTIE RIS 2 )2 55 18 MR TTAE tIN ZIRVH HH Pigiayer2(8)-BEAH, 25 3 J2 (Bt )22)
TR AN ICZ IRAFAEAT FE 4 KA T LAIZ - SR Z 05 Pijayers(8) B0 30 5 ZEHEAT 1] A9 U 4K, BKE Piayera(t)
Bk DA% JZ P A1 e oot i, i (7).

AR Prg() BN IR AL, 55 1 20 28 o th A /2 AN BE I TR AR AB ;820 I 20, B0 (0) = D Wi,Py,(0)

i2

Pitayer3(0)=1/n,n K55 3 JZ MG 0B WTIEAR t=1,2,..., B Pijayers(t) /N ARk B rp 2 J01 25 500 455 S0
BN Prig 2 202 TEAUE Win, Wi, Wi, Il wig,MaxVal Bh K 5 J2 4 28 70/, e AT s 7 55 2 45 i A 4.
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Fig.2 Improved Bayesian Linking Field model for object recognition
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TotalNum x NearMaxValASampleNum(i) (®)
TotalNumA x NearMaxValAAllSampleNum(i)

TotalNum S ZREEA AN H 2n, TotalNumA 528 A Y ZREEA A% n,NearMaxValAAllSampleNum(i) 2 55 i 4
Gabor FFAEfH AL T MaxValA(i) A Ar v 22 ¥ [l 4 10 8 I 250 A £, NearMaxValASampleNum(i) 2 55 i 4t
Gabor FFEAE AL T MaxValA(®i)— MR 2 Tu H N 2R A INZRbEARAN 2L

Xt BT KurA(®i) AT LinkConA () #EAT U5 — k., [F] i 52 X A8 2 Total ConA(i)=wyx KurA(i)+w,xLinkConA(i), H: H wy
i wy A B owy+w,=1,— B wy=0.2,w,=0.8.Total ConA(i) & & i 4 J 4f Gabor £ AEX IR 28 A IR ZR-5 DTk,
CORRFEIE B M ARE. TF 5 HH &4k Gabor J5U 4R R AL 1) 255 Du kB 3 B oK B/ Py R 1 i o A (ln 20) 925 A
XTI )R E 4E ) Gabor 4FAIE.
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Wit =Wip=1; 1) 2 B 28 T0 A PRI IE 3, 73 il 2 oK A [R) 28 0 Ah ok 22 0 A0 RH I i L A0 28 e 2 1) 0% 5, LB AU
Wi, BAE Wi,j (m) AT Wi k(m) P m S [ SR AR JTRE 5 A L5 m AN R 2 oo b R SR 2 0 P 5 k 3R
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(RIES A [ 2 A 28 0 AR I 1) JEG JE A 20 JT 0 I 14 5L 4y Gabor 471 2% 5 115 1) 55— 4 JiE  Featldx' 4 5 45 m AM[RI S
TUREII R AN [F) 20 28 0 AH 34 (1 IS 2 0 28 J0 0] I IR S 4 Gabor 1) i R AIE 1) i — 4 £, MaxVal M (Featldx) Al
MaxValM(Featldx") 7 5l 4 5 Featldx 4EF1%5 Featldx' 4k Gabor $FAEAEZE M UIZRAEA BT G il i) AT S K& il
AN N (15 HE AR, ) NearMaxValSampleNum(j,m)# 75 55 Featldx 4 Gabor 45 4E {4 4t T MaxValM(Featldx)—4>
b v 72 Y0 BN BT A I 25 KR S A 3 NearMaxValSampleNum(j',m) % 7~ 5 Featldx’ 4 Gabor 43 1iF 12 4t T
MaxValM(Featldx')— ™45 v 2= 0 [ P 1) BT 4 I 25 FE A4S 8, NearMaxValSampleNum(j,j’,m) 2 4 Featldx 4k Gabor
FEAEAA AL T MaxValM(Featldx) i —AMbrfE 2= 36 Bl 1) HL 2 Featldx' 48 Gabor $#1E{H 4T MaxValM(Featldx)—4
T v 22 0 B P 1) 9T A DI 2 RE A/ B 4K L 254 NearMaxValMSamleNum(j,m) & 45 Featldx 4E Gabor 1iE{f 4L T
MaxValM(Featldx)— ANtk 2 6 Bl 4 1928 M ITZRAEAR AN 5L
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feeding #it A\ B x0(3) TH 5, 2 2 rf Maxval (= ) 15 2.2 4511 MaxValM)& 5 (8] 2 58 i #h 28 JCARIE #1361
JZ 5B 12 A28 TUR Y (1 5L 4 Gabor RFAIEAE 12 8] /2 11 6 0 I S R R SR AR FEUNZRAEAS B BT ge vt 1 B AT B K&
THANEO N R AR linking BTN Pygo(t) 72 5 HE I 8 1 7] SR At A 28 50 LA KOS I i 1 Aol 22 T ) i 1 e i 2 5K
(BT SLIX - JRAPZTTHI Y Phiagera(0) 585 ) VE SR A i 2 AP 22 5010 feeding A Pria(t) /2 19 TLAHIE 19+

Wj, k(m) (10)
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3 RWLEERRSI
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TR VUNAE 55 (K47 2k, 2 AR AR WIS T S U AR A I (K nT AT k26 2 ASER A2 g YaleB AR Kidm
PEWS) L i S B 10 28 A KR, 25 T ML R s T o BB SRR 24 () 52 2 B A THT AT 49 WT, AT 50 A ASE R 1 1y
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R )L R 3 A Szt 2 R 0 AT 56 E YR A R R

SEIG R BT FE 3 Visual C++4 5 SEIL I, BT A () v fioi 36 AR TE 5 2 A% Intel Pentium Dual1.60G,
1G W #.

31 [RLABRSIEARIES

W AR Hp ) JZ R 2806 120 AN, b 60 AN it AR, 60 AN I i AR S 29 2 AN ot Bl R os
NS AR, I 2 16 AR B R AE i Y2 AR B 3R AT S v A P 1) 008 4 2 AN 28 S 21 3 000 1
TEB N P F 3 e AL 54 YaleB O K S 20 1 1 17 AN B A BL B 3 000 Wi A5 A 16 4781 ) A K e AT
B IS G E 21x23(FE xin) KN G B A G B R sl i 3 i,

M2 YaleBESIHT IMM™M A 86 H0H i rh BEHLE £ 200 18 B8 A b IR 1 H 6k T8 — 1 g 3411 7E - 5
RN AR TR, S EUT G AT AN T M08 75, DA 5 3 L AN TR] RIS R N A 00 3 e e mT DA o i
AN TR 1) 2 550,400 PR A5 48 T30 L 481 S5 3R A3 AS TRD PRI R 0 & TR, 2 T R 55 S 40, B A 200 1 1 45 4 30 e e A5 U
B0 FH - AL S BB A BRI 1L 8 B AGR IUAE 15% (AR A ) ) 3 ) X 8k i 225 N e e e ), P 4 2 T
P33 1) 2 A RS0 5 SR

Fig.3 Face and non-face images Fig.4 Examples of detected faces
K3 ARE R S5H9EARE T 4 KRR 7R 11
3.2 EIw2:YaleBAREIR I
ARSI YaleB MR HUR . 4 HUR P E 47 28 A A5 576 B F BLEG 64 R IR 9 FKH I
el e h b £ 10 N B NS 100 1 BB A D I RE AR, 36 b 1 T 283N BEALPRLE 20 M, FERZE 3R BENLIE £
10 1, R Je AEAR R (15 476 I P& (5 BEHLAE i 400 AT 9 WITZRREA S AT B 7 AT 8 B39 I 45 ik 128x128 KD,
N AR R SRR

Fig.5 Some sample images of four persons randomly chosen from extended YaleB
5 L \PE YaleB ik ¥ 4 A~ AN R 4] 1]
B rhfE {5 2N IS B0 )2 A TT NG I SRR AR A2 2 e L 6 BOR T A
[ 480 28 0 AN B80T TE T PR 00 3 R TR 1 S . 2 22 1) o ) SR AR 2 T AN B0 2 TE A U0 3 B AR T
AFL Y3 T 8 PR e A L A R0 R0 YU, BT T PR S R R ) 2 e 2 s AN ECh 20,5 2
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10 AL, IR R e 0 T ZRREAR SR AT, LA T 55
1R e AN 196,08 i v 548 J= il oo 2 Tl 144
B, 3 N7 AR IR A i 1 5 AT DA i A\ AR AN
Wk E R e & 1 Al TiahREmMas
DAL A R i A 28 0 Bl A AR A I R (Ci_j o By i 28

1.0 Recognition precision

0.8

0.6

Recognition precision & speed

0.4 Recognition speed (number of face LN OE i ANEpa] 220,00 5 /I\ﬁﬁﬁ.‘_l_’m“fﬁééjli).
recognized each millisecond) ) o .
02 / e 1T BURAE 3 TR AR Ik SR (B i
AR TE 01,02 FeAARTRAR L), M B2 5 b JL-F %
00, 6 8 10 1 R AN S R0 326 15 B R 0 B4, B0
Number of middle layer’s neuron (YN 1) 52 2% FE 251 O(nxm), 3 o n S o o] 2 i 2 764>
corresponding to each class of face (*10) Bem R IEARIRECTT m — AN KT 4, R e )
Fig.6 Effects of the number of middle-layer neurons  ZEdHra] 2L 04N n e 2 3B 3 — N n A a]
on recognition rate and speed DLIRATE i TR0 2%, 17 LI BB I8 BB DR Tl 5
6 M) JZ A AR TOANHON TR 26 TR BE 52 i B BRI 10 AR EUA [R] R I 2R

FEAS, 3 ) o S L T A DU Z R0 U008 B 5 5 e [ I A1)
FHAR R (R0 25 R0 DU 2508 g 57 A1t SVM LA K. AdaBoost 43254, 15 21 A8 N (19 15 A R 1) 28 FN R 00 B, I Je 49
FHBATT A 28 U3 5 RSP J4 U .SV 432K 3R A% 170 4% v 5, S BRAR Bk F - LIBSVMIPL AdaBoost
i 40 A~59 4 535, 5940 535 0 CART W4 2888 LI KR EE ) 3, SE ARG R B T+ Intel FFIETF LA
[ OpenCV. )\ 2 W] LA tH A SO E R A SUR B 4F T SVM Fil AdaBoost, 117 H. F 73 FE R 8 PR 1.
Table 1 Dynamic iterative process of the model’s neurons
F 1 BEMEITHEERTRE

Test samples Class 1 Class 2
Iteration
neuron 1 2 3 1 2 3
Cc1.1 0.93 41.7 657 0.30 0.00 0.00
C1.2 0.46 0.16 325 0.93 0.01 0.00
C1_3 0.75 0.27 531 0.04 0.00 0.00
Cl.4 0.27 0.03 191 0.38 0.00 0.00
C1.5 0.84 121 593 0.75 0.00 0.00
01 0.10 1.00 1.00 0.10 0.00 0.00
c2_1 0.01 0.00 0.00 0.98 355 711
c2_2 0.23 0.00 0.00 0.29 0.06 20.5
c2_3 0.83 0.00 0.00 0.45 0.15 35.7
C2_4 0.49 0.00 0.00 0.85 12.8 66.6
C2%5 0.87 0.01  0.00 0.42 0.36 50.4
02 0.10 0.00  0.00 0.10 1.00 1.00

Table 2 Comparisons of the three algorithms on extended YaleB
F2 ALy % YaleB FE LY 3 ML HEL

Classifiers Recognition precision
Test samples Feature binding model | SVM | AdaBoost
All the test samples (1 000) (%) 83.0 77.9 81.1
All the test samples in frontal pose (200) (%) 96.5 87.5 93
All the test samples in non-frontal poses (800) (%) 79.6 75.5 78.1
Time consumed for each image (ms) 2.64 4.48 0.16

3.3 3EI43:Caltech2564{KiR 3
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Fig.7 Example images from Caltech256 dataset
7 Caltech256 4 {4 5 < 41
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THELP R TR R0 %, [N 598 R F SEE: 2 A IR iR @ AL A SVM T AdaBoost 432828 45 B S AT 1) °F
WIERRA 2. LK 3,300 7L 24T T SVM FI AdaBoost, H3%E ] 40 Eb 20 20 R 3247, & 1T 9 IE B R 3 R A ]
82.3%.

Table 3 Comparison of the three algorithms on Caltech256
F 3 Caltech256 i 122 Sc i 45 4t

Average recognition precision (%)
Classifiers
Number of middle
layer’s neuron corresponding Feature binding model SVM AdaBoost
to each object category
20 78.7 71.0 73.0
40 82.3 77.7 78.0
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JEUREL 33K A 5 AR S5 v% i I 0 R o 2k S 0 2 TR Sk Al mT DA Y R v R R E R 6 1 S 2
BRI, A A AR AT 06 Y R FE A 1) 5 v R AR AL e 57 27 B g © 40 58 A 0 58 . H 92 R AE 2 18 (4R 4 N % g %
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