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ET—HFaMEXoHRIBERARRINEE

KRR, KRa

(P 525 L R K 2F R4 58, 7 5¢, 211106)

B E. AT &% # % (High resolution, HR) A B 4%, 1& 4 #% & (Low resolution, LR) A B 1% 9
PR EZ, AP, AR FR A T RAAX 5 AT fe iz A A8 X 54769 LR AR 25 5
kAR R FE B ARG R AT B A AL ] 0 — B, i\Il’]H?ﬂ)ﬂéﬁﬂ}%é’J*4.:“%"?)”@15]‘6’3 oA
B, 3k — 3 H) 5 A8 & 5 #7 (Consistent discriminant correlation analysis, CDCA) , 3# fm % 2] ) 7 CDCA
HLRAKRANE X, ZHEFLAMER» > AHRALRAKRBE PRI 8054, K6 F A
CDCA%¥JHRALRABHIFIZHIEE Stm TN LRAB RN, STHEREEH ARIAAGLRA
Baf B Sk i ik B R BOF W R A R Fe SRt

KIS PERARR AR ;A AR X 5 AT 1)3&/\’\%, [EAGE - F 4

RESES: TP39;TP301 NEIREG: A

Low Resolution Face Recognition Algorithm Based on Consistent Discriminant Cor -

relation Analysis

ZHANG Enhao, CHEN Xiaohong
(College of Science,Nanjing University of Aeronautics and Astronautics, Nanjing, 211106, China)

Abstract: Compared with high-resolution (HR) face image, the low-resolution (LR) face image
recognition effect is poorer. Researchers have put forward several LR face recognition algorithms based on
the canonical correlation analysis (CCA) and kernel canonical correlation analysis (KCCA) to solve this
problem, which ignored the supervised information and the consistency information between different
views. In this paper, we put forward a novel dimensionality reduction algorithm—consistent discriminant
correlation analysis (CDCA) by virtue of the class information and consistency information of different
views. Furthermore, we design a LR face recognition algorithm based on CDCA. Concretely, we extract
the principal component features from HR and LR face images respectively, use CDCA to learn the
characteristic projection matrix of HR and LR face, and realize LR face recognition with the help of
projection matrix. The experimental results show the superiority of the proposed method on recognition
effect and robustness compared with the existing LR face recognition algorithms.

Key words: low resolution face recognition; canonical correlation analysis; principal component analysis;

radial basis function
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I JLAAE K, AR OB R AE A% A3 U T 7 2 0 . A R U R G sl SR R 2 2
T %5 15 43 3 2. (High resolution, HR)HE 43 3% 3 (super resolution, SR) A AN 4, i 76 F0 S2 4= 7% o, %
T ELXHIL AT P (Low resolution, LR) AN FUZZEAT UM, filan . T4k & ﬁ%ﬁﬁﬁﬁﬁ?ﬁ%ﬁﬂﬁ%ﬂg
IR WS R G, BT AL 5 W R X G 2 T A B B A A, A A R B A X R R &
O REMEGE LR ARG . S HREGMHE, LREG S HFRLRM, A B2 Hirsa
A IS BB X AEAR KRR BE b s i 1A% 8 NI U0 e AR g 8 L R X LR A 15 1 1R 531 B ol —
Pl Bk ik 2,

Ay e LR G W PR 50 ) 0, B 98 & AT 46T % LR ARG ER A 4k 42 B A 2 8. BRI E k|,
F ER 3T M 43 $E % (Super resolution, SR)AY J 3L 8 LR EE & @45 B0 1 SR BE , SR IG5 1288
I3 P As [ rf T SR EMREEAT U W AR AL E " . A Gunturk S5 SR AR 4k K 23 8] B4 A 1
PUIE B, AT 52 B0 SR BG4 B 20, R R BRI T 8 888 7 HE R KR 1T 53 2 4% Freeman 581742
VISTA-Vision 5k , 3 o i F 3% % 5 /R B R 4 #2517 SR EIMR E 41 ; Dong S BEL T 57 812 ) 1 J5 ¥ L 76
LR FI HR FFAE 25 8] v o 5 30 2% > 15 205 5 i 05 2 80k A8 B SR R s Kim S50 T [0 059 /9 77 1
Se2f 2] N LR FFAE 55 8] 3] SR BFAF 25 (8] fY W 5 bR 4%, ﬁ‘F*UFﬁi’%E’JHﬂ%ﬁT B B Al SR BIE -
P E TR AR R T LR BRI R H R X SR L 1 U A S 3R SR IEMR , 28 T LR
AYGWRIEEER I HERSREG SRS HENEE R,

BEXT WD E "B A B s LiSEUOHR T —Fh o A SR EMR Y LR G BGR 50 r i, B T
B A WL (Coupled mapping, CM), # LR A1 HR AR BIE 4% 5% 2] — SR RR1E 25 8], 38 33 08 4k B bR e84k
HKe# 2 CMs; 2R 5 3 TR ZJE 2R A, R A KT 48 (K-nearest neighbor, KNN) 43 28 #8 #1743 2%
Huang 28R H — Ff 3 1 L 7Y A1 5G9 BT (Canonical correlation analysis, CCA)U2#E 43 #F R AR 5
2K HR ORI LR AR IR A8 2 AR Gk e R AL, S8 J5 #F LR A HR B RRAE 4% 52 31— BURpfiE 25 [a] b, B
?LLAE’J}E FHERR IR LG AP R R AR R A TR A R (HR CCA AR T E R —Rh k2 > ik,

e LR FMZ A HR B AR 56 R . Zhang ZE7E I 56wl 1, B FH #% CCA(Kernel canonical cor-
relation analysis, KCCA)!22 45 LR A1 HR B 9 4E 26 1 56 & |, Hi 42 1) 56 2R %L (Radial basis function, RBF)
7 LR A HR ERE] i R R PE 35— B T LR EMR U3 g

ZELATAL, LA B VEREE TR % IR 2R T EIET A SNz n S (G E v Ef
BT F B RRAE |, I 52 Ik Huang 1 Zhang &5 Ir 2 3 537 09 J5) BR 1, A% 5025 RO 50808 09 B 15 B 51 A %)
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o R R RCR AT B de Tt o alE—20 , N2 A0 BT 2% 20 09 AR B2 43 A, A ) 0 400 1T L A ] A VR 3k, Jr LS
[F] £ 1R F&] 1] A A 0 7 ) 40 1 — ﬁ(fﬁi T3 AE J2 22 W0 1 2 =) TUAS Wi o iy 6 A 1 160 AR S48 s — S0 i A
43 M7 (Consistent discriminant correlation analysis, CDCA)., CDCA 83 [F] i % [& 5 i 19 Wi BH5 8 F

PETTa] ) — S0P AR S, A 45 T 4 BB A [] 40 P ) A1 4 AR A A7 A B U — Bk o i — 20 CDCA Bk il AR

Sy BER N R AEZE b R CDCA A 42 LR A HR AR BSR4 AL, 2 J5 ) A2 1] ik R E0R
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P, i H B TP TR IR Ak R AR 1) 2R B A BRI A TR S A R E M
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Fig.1 Flowchart of algorithm
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3 XRERSHW

T B AR TR O BRI A RO L 43 BIHE ORL Multi-PIE Fl Yale A cHE 42 b AT g0 b, A SC
VEHCT B30 S 0 HR AR R BEAT R (HR-PCA), i FH LR AR R 3EA7 R 5 (LR-PCA)  Wang (4
J7 1 (PCA-RBF)P!, Huang B9 /7 % (Huang’ s method)" Pk & Zhang B J7 % (Zhang’ s method)!™ 47 T
o TESCE P, Method (1) FUH T W BH5 I8 HEAT 1 RRAE $2 5L, 17 Method(2)J2& il F CDCA S35 AT (45
TIF B2, IR 7 1 6 7R 3 20 92 30 1) e P 285 S L 455 L (W B3R 7R A1 B0 30 R B S 22 (5 248 /£ 0.01%
Bk 0.01%),

3.1 ORL ABa#EEXW

ORL A& Bd 45 , SRR AT T A B o 4, 40 & 40 AR ) 223 &, Hoh 4 A A 10 8 A [9] 14 18
18, VG AE R [R] (1 E5F ) AS [R) A9 SRR TS 2 195 (FF /P 36 B IRG , fal 26 / AN 2 )R i 38 1) 40 0 (HIR 5% / AN A R
BE)or BIFATE Y, G Ry 150 B A0 1 S5 0 1 T I (Fe e A /N A B D B85 ) o SI2 0 o, 55 R B AL B A A 1k
5N B A A AE N 2R F % AN TR0 AR /R il 48, BEBR 19 HR BEh 3218 K X 3214 % LR K&
H 818 FR X 8B FE WK 2178 o 7E Zhang’s M5 ik I E AL S HON 0.9, 42 ] 5L bR B0 19 S 80 E R
2; 7EMH ] CDCA Bk 4R BURRIE I, B S8 9= 0.8, F 15 ORL A Bt 4 - 4% 5 vk 75 A ) 45 4F
BT BIRBR
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(a) HREMEREEL 328 Z X328 %) (b) LREGLET 818 % X 8B %K)
(a) HR face image with size 32 pixel X 32 pixel (b) LR face image with size 8 pixel X 8 pixel

K2 HR/LREGET
Fig.2 HR/LR face image I

=
oz}
i

F1 BHEEORLEIEE L REIHHE L HHIRA =

Table 1 Recognition rate of different feature dimensions in ORL database %
- Huang’s Zhang’s
i HR_PCA LR_PCA PCA _RBF Method(1) Method(2)
method method

40 89.95(0.11) 80.21(0.43) 81.83(0.23) 82.67(0.24) 81.13(0.03) 83.88(0.37) 90.25(0.14)
50 91.90(0.03) 84.23(0.08) 87.45(0.12) 91.72(0.08) 90.89(0.12) 91.60(0.17) 93.37(0.04)
60 91.54(0.09) 83.69(0.52) 89.27(0.11) 94.47(0.05) 93.14(0.18) 97.20(0.04) 95.55(0.04)

A R 1Y S0 A5 AN ME K B, > R B R AR 2 U 40 4B, Method(2) 3R 0 % 2y 90.25 % , i i
LB A R s HR R AT 52 56 /9 U 3R 89.95 %, 3 H. Method (1)1 Method(2)f U 3 &l % & F H Ah
B FRIE4EECH 50 4E B, Method (1)1 Method(2)RY H 51 % 43 5l J& 91.60 %6 F193.74 % , Method(2) i 4 5]
B v T L 4% 0 R 1 HR R 47 52 58 019 38 51 2R 91.90 %0 5 24 2k BURRAE A 04 60 4k i, Method (1)
Method(2)R P51 35353 Ry 97.20 % A1 95.55 % 1418 T HABIR VL (3R o JXAFAE 60 4E 1, Method(2)1Y
PR RALA 95.55% , (H 2%t T A 7] 19 B F 4k %, Method(2)5 1 728 Ak 8 B8 R K, 156 B Method (2)%8: 2 4 [t
FHABE L E R, B E A o 28 b U W B BUCRRE I A AR L AT 4R U A A T 40 26 0 IR 4k AR AE
I HLA P — S5OHE A5 800 A RE 5 4 3 SRk i B R 1
3.2 Multi-PIE AR # B &E L8

Multi-PIE (Pose illumination and expression) %% 8t 5 #% FH ok ¥4k i #0000 A B35, BEa& T 75 15k
NIRRT 6 337 S B A F o WFFE X878 15 N9 A A 19 IR 4 F A8 T — R 50 T i %1
PEAN R FRAT T R o BER B AE T S . FESE 50 b B B 30 4 19 AR ) 523 2, e op e BCRE N 19 10 i K [\ 19
P8, 3t 300 7K I RE MR AT 9256, B U Bl AL 16 OB A AN A 09 5 3k A VR S IR B 30 4 LR S ik
£ EFERY HR BME R 3218 R X 3248 R LR EME W 1B R X 1R R . £ 290 1 & 56 7E Multi-PIE A
16 B3 45 X T R 6] PCA R AE 2R % (30 4k, 40 4 A1 50 48 ) T AYSC B 45 5 . 8] 3.1 19 A 52 56 25 SR ML, Meth-
od(2) 58 125 70 R ATE 4 B MR BT A3 B0 (R0 25 2L | S 8 B PCA RRAE 2 $108 = i), Method (1) 375 A 8%
T B 68 SR T T 0 R R AIG, f E R L R — B R A RE S B R R A R R

F2 HBEHEIETE Multi-PIE £ 18 & F K B 45 1 48 20 a9 10 51 &

Table 2 Recognition rate of different feature dimensions in Multi-PIE database %
- Huang’s Zhang’s
i HR_PCA LR_PCA PCA _RBF Method(1) Method(2)
method method

30 89.82(0.06) 81.15(0.12) 80.67(0.15) 83.07(0.81) 82.98(0.02) 84.67(0.32) 96.53(0.04)
40 93.27(0.01) 89.13(0.22) 89.09(0.15) 94.20(0.13) 87.06(0.32) 95.09(0.13) 95.42(0.13)
50 94.67(0.04) 88.44(0.13) 90.33(0.04) 98.91(0.05) 93.98(0.05) 99.13(0.01) 93.67(0.04)
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YR AE 2 H o 50 2 I, Method(2) B TR 51 ZRALAT 93.67 % ,E 2T LA H Method(2)8: 12 6 % ¢ 1F 4 % i
B, A Ak b AR e I FLAE AR B0 T A B A S A S AP U 45 SR B AR RS L, CDCA
SRR BRI A 4 R B A B AR AE (R B
3.3 7 Yale NBE BB S HITIRA

Yale A JG #di 4600 & 15 AR 22 3803, Hoh B AT 10RO [ 09 4%, 38 165 5K K B RIR , RGO
FE N [5) (1 T FB 248 AR R 48Ry o S2 v, B vk AL 8 JBCRE S AN A 19 5 3k A A I 2R 4, ) AME:
BE 5 ik A AR K AR % S8 g b 2 R A HR BIR R 3218 K X 3218 &K L LR BIQ 1Y 43 B 5000 R
IMRER X IMEER 10R R X 108 FR 1B HR X 1M F . S5 H 82058 A [ 40 B R 59 LR AR B 4
SRR B 3HH T SR T B AY R HR LR A 1% . 523w, 7E Zhang s (907 g, %

BB RN 1.06, 48 0 Kk b S 80 E 2, CDCA B SR E M 0.01, 3 351 I 7E Yale A%k

#E%L%%&fﬁﬁ]%ﬁ?%ﬂ%ﬁﬁu%o H1 3R 325 50 R, MR B 4 HE R JE 918 R X 9B K BT, Meth-

d(1) i U 2 R 95.89 %0 , i 3 o T A A0 1 9 AR 0 R 5 A BRSO 1048 R X 1048 E B, Method(1) il
Method(2) R P51 #5351 2 98.93 %6 F1197.91% , 18 35 i T A B8 2 i U1 26 s M U Ar FE RO 1R R X
1MEFR I, Method(2) A U 43K 5] 99.64 06 Yy T H A S0 2 i U0 6 0 48 5 B, 24 i ik iy L Jk 141
453 WA A I, Method(1)F1 Method(2)f 38 51 35840 - Ho At 5 3

WESTE S

(a) HRIE@%II (HIEARFERAER, 32B8F X325%)
(a) HR face image with size 32 pixel X 32 pixel composed of 11 different images

|

(b) LREMREI (HAHMHREG 48NS, 11BRX1ER)
(b) LR face image with size 11 pixel X 11 pixel composed of 11 different images

K3 HR/LRE{ZEI
Fig.3 HR/LR face image 11

R3 BHEEYaleHEE LTRSS PHETHIRFZE

Table 3 Recognition rate of each algorithm at different resolutions on Yale database %
e/ , ,
LR _PCA PCA_RBF  Huang’s method Zhang’s method  Method(1) Method(2)
1B %X B &
9X 9 79.34(0.22) 80.13(0.35) 92.60(0.10) 93.42(0.13) 95.89(0.02)  92.18(0.12)
10 X 10 83.57(0.13) 86.80(0.15) 97.07(0.16) 94.52(0.32) 98.93(0.17)  97.91(0.09)
11X 11 84.66(0.09) 87.64(0.21) 98.67(0.03) 97.21(0.19) 98.78(0.01)  99.64(0.03)

3.4 CDCAEZESHEMAH

FEARAL K it CDCA BIL I, S50 7T RE 25 5% i S50 R0, T A S 56 5 2 2% 58 280 o S 06 25 1L 1
o, S b I X Multi-PIE F1 Yale 304 % F Method(2)8 1 B B A [l 19 2 80 p {8, WLELIR B 5 1) 748
PRI . 3R AFIFR 553 & 7E Multi-PIE Rl Yale B8 58 b, AN 7] 2 O PHU 6 1 52 0 1 00 92 56 v o8 B
M HR EHZ N 3218 8 X 3248 R LRIEME N 1THE R X 1R R, Fr2 iU PCA FRAE4E B0 90 4k .
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Table 4 Effect of different parameters on the Multi-PIE database
Y 0.01 0.03 0.05 0.08 0.10 0.20 0.30 0.80
PO/ % 87.33(0.27) 91.84(0.16) 92.93(0.06) 94.11(0.09) 93.71(0.09) 96.62(0.03) 95.53(0.04) 96.27(0.04)
Y 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5

PR /% 95.91(0.02) 95.84(0.05) 95.89(0.34) 96.07(0.23) 96.09(0.03) 95.78(0.05) 95.98(0.34) 95.79(0.02)

R5 YaleHiEE EARESHI R R0
Table 5 Effect of different parameters on the Yale database

7 0.01 0.03 0.05 0.08 0.10 0.20 0.30 0.80
PUIER /% 91.42(0.29) 91.69(0.34) 93.51(0.19) 94.27(0.21) 93.98(0.46) 94.51(0.35) 94.71(0.12) 96.71(0.18)
7 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5

PRI /% 96.76(0.01) 98.49(0.01) 98.80(0.03) 98.93(0.01) 99.47(0.01) 99.24(0.04) 99.33(0.01) 99.32(0.01)
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Fig.4 Trend chart of recognition rate with parameter value
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