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Face recognition research based on variant samples and
collaborative representation
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Abstract: For face recognition, the face image are affected by the variations of expression, lighting,
occlusion, pose and especially the number of training samples. However, in practical application, we
only have insufficient training samples. The collaborative representation algorithm of combining the
original training samples with the axial-symmetry samples is proposed because the original training
samples generate the corresponding virtual training samples to increase the number of training sam-
ples. Firstly, the original training samples generate the corresponding mirror samples and axial-sym-
metry samples. Secondly, the reconstruction errors are obtained by using collaborative representation
based classification. Finally, the variant reconstruction errors are combined with different weighted
number to compare face recognition rates. The experimental results show that the face recognition
rates are increased by combining the original training samples with the mirror samples and the axial-
symmetry samples. The face recognition rates of combining the original training samples with the

axialsy-mmetry samples are 2% ~9% and 1% ~5% better than the original training samples and the
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original training samples with the mirror samples respectively. It shows that the paper’s method is ef-

fective in face recognition.

Key words: face recognition; mirror samples; axial-symmetry samples; collaborative representation;

weight fusion

uu\a

1 7]

N U0 e AR AE 3 JLAE & J RSk, i TR
PR CRETE AR RIS B A 2
AR NE S PR E AT N Y, A AR I 2 A
Ji: U B T 1 O A R AR Sk A R AR AR AR 4 i 1R
RO . AE S BR N e SRR AR AR S
HREAH 5 32 30 IR 0 A28 2 5 e, AT
AU R R KT B, HAr I ZHEAR R
S — W R 5 YU R PR R 2 bR 3R AR 1 D
FEA AT N Ry — A /N BE A [0 8, %t Wt
AR (PO A J7 A LR ARE A, I8 55 2 80T
PLAR TS 2 A M UK, % B3 000 4 1 A 3 70 %
FRAEA 5 47 X R AR AS 5 IR A fill & 42 1 )
FBLOROITEE LA TR AR B AT B4 AR,
(EEM VLR IPN A S K | PO YD)
TE TN R PR 52 B B T ROR AN, Z TR 5
GNP EFERARS A SRR A
I 25 P L 1 T 4 e UM . Tang'™ % A 7E i
B AR A o G e R b i R DU A AT S i 3
GRFEA

2009 4F, Wright™ 45 15 S 5 1 i 37 238 )
F M, 35 H 5 R R 7 24 (Sparse Repre-
sen- tation based Classification, SRC) , #.0> B A48
2 HIVIN AL A AR 00 i 1 2 1 4 & s Bl AR A
P15 DA i 04 ) B2 A5 300 TR R BB R
F T B S RE I LK 3K A AR R P R R OR
4y25 28 (Collaborative Representation based Clas-
sification, CRC) , ) J 1E W £k 35 % e /ML FE R
e R b AR AV 5 S DA PR [ 3 7S 114 s 28 e T
PEGIG— KW . B N R 4% i 8
(R QR BV = o NN AR S Rt o=
Zhu''" AR H Bl A5 AU ml A 4R e R % T I
TR 2R R AR A R AS R SR FH B ) 2 43
A IEAT U PRAT B PUNRCR . i TR — A
AN TR) NI PR B A 43 AH QI SC B B A S04
IR B IR A B AR, BIVKE I 46 4 A 2E B 004

A BEAT AU RS AN I P 8RS R ) S0 3

{5 BHFIIE,
2 MEEMAAA

PRI BR A R 50 b, BRI K R B35
AR ' B AE S0 T B R B KR S /MR AR [i) R
B S B g o, A A A7 B 3 BORE AR T B 5k
A fitt It PR S5 A A IR AR R 2D, — S22 35 4 Y 3
i Jdh N PR A i 00N TG P A5 3 I 2 A
A, R4 R R

Z: BRSCHRE6 T rb i 5 125 Hh DI A I BT 45
Mg BN EIR BR B AR > € R, x /Y
Befg NI B 5 X (D55

2(kyl)=x(k.g—L+ 1),
k=1,20,p; [ =1,2,",q. (D

X TR ER  BA R EAGAH [R)  RE
BRI B, 68 — & R R B K Y A2
b ABJEFR 3 N 2 A o FRAE ALK, TR 4 i
XK vy = (o + =) /2, BB R 8RR 5 85
BEGRE I E L R AR BT R ERE
B R 2 AR RHE .

1 A R A i 0L IR CBR — A7 02 I 0 P 1R
5 AT R BRI A = AT R AR R RO

Fig.1  Virtual samples generated by corresponding

original images (First row origin images;

Second row mirror samples; Third row axial-

symmetry samples)
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Fig.2 Some face samples of AR database
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Fig.3 Some face samples of ORL database
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Fig.4 Some face samples of FERET database
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Tab.1 Face recognition on AR, ORL and FERET database
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AE NN AL ORL A f& FERET A K &
1 3() 3(2) 5 1 2 3 1
. w2=1, w3=0 56.25 55.70  89.60 97.50  63.33 75.00 78.21  44.83 56.75
wl=
w2=0, w3=1 17.00  14.40  31.50  33.00 32.22 3875 40.00 13.75 33.50
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BRI GRAEA AN RBIR/ 2%
I AR A ORL AJ 1 FERET AJ 4
1 3L 3(2) 5 1 2 3 1 2 3
w2=0.50, w3=0 61.50 6520 92.00 98.63 67.50 80.63 83.21 46.17 6170 57.00

w2=0.30, w3=0.20 59.33 60.30 91.20  98.38  67.50 80.94 84.29  45.58 59.70  54.88
wl=0.5 w2=0.25, w3=0.25 58.33  58.50  90.60  98.00  67.78 81.25  83.57 45.50  59.10  54.63
w2=0.20, w3=0.30  56.83  56.20  89.90 97.00  67.22  80.94  82.14 44.83  57.80  54.25
w2=0, w3=0.50 50.00  48.90  83.40  90.38  64.72  73.75 76.07 38.25 50.50  50.13

w2=0.40, w3=0 62.00 65.60 9230 98.63 67.22 81.56 84.29 45.58 60.00 54.63
w2=0.30, w3=0.10  60.50 63.40 91.90 98.63 68.61 82.19 83.93 45.17 60.10 54.13
wl=0.6 w2=0.20, w3=0.20  59.08 61.10  91.40  98.50 68.61 81.88 84.29  44.58 59.30  53.00
w2=0.10, w3=0.30  57.25 57.40  90.10  97.25  68.06  81.59  83.21 44.42  57.30  52.38
w2=0, w3=0.40 54.08  53.90  87.90  95.38  66.94  79.38  79.64  42.67  54.50  50.13

w2=0.30, w3=0 61.50 6580 92.00 98.50 67.50 81.56  83.93 44.67 59.60 52.38
w2=0.20, w3=0.10  60.33 63.80 91.30 98.50 68.61 82.50 84.29 44.33  59.50 52.31
wl=0.7 w2=0.15, w3=0.15  59.67 62.30 91.10  98.38 68.89 82.19 83.93 44.67 59.30 53.25
w2=0.10, w3=0.20  59.33  62.10  91.00  98.25  68.61 82.19 83.21 44.33  58.80  53.13

w2=0, w3=0.30 57.75  56.90  90.00 97.38 68.06  81.25  82.86  43.42 57.00  50.88

w2=0.20, w3=0 60.67 6540 91.60 98.38 67.22 80.63 83.21 43.58 58.20  49.88
w2=0.13, w3=0.07 60.25 64.40 91.20 98.38 67.78 80.94  82.86 43.75 58.80  50.88
wl=0.8 w2=0.10, w3=0.10  59.75  63.60 91.10  98.25  67.78 81.25  83.21 43.67 58.40  50.75
w2=0.07, w3=0.13  59.67 63.00 90.80 98.38 68.06 81.88 83.21 44.00 58.30  50.50
w2=0, w3=0.20 58.75  60.90  90.40  98.00 68.33 82.44 83.64 43.92 58.30 51.38

w2=0.10, w3=0 59.25 6470 91.20 98.02 67.22 80.31 82.14  43.33 56.90  48.13
w2=0.07, w3=0.03  59.00  64.30 91.10 97.88 66.94  80.63  82.14 43.42 57.40 48.13
wl=0.9 w2=0.05, w3=0.05 59.25 64.20 91.10  98.00 67.50  80.94  82.14 43.25 57.60  48.00
w2=0.03, w3=0.07 59.17  64.00  91.00 98.00 67.50 80.94 82.86 43.08 57.70  48.63
w2=0, w3=0.10 59.17  62.80  90.90  98.00 67.50 81.25 83.57 43.42 57.40 48.63

wl=1 w2=0, w3=0 57.67  63.80  90.80 97.63  66.94  80.94  81.07  42.75 55.30  47.25

CHf 1R (3R — B HIZR 1.2.3 @, 5% Wik SE T JE B4 R TR IR 3 s w3 =0 I, AR A 3

55 1.10.11 ME) .5(5 1.4.7.10,11 %) ; ORL A
5 FE 5 FERET A e & 4 525 A T 3 i 4R
FIVIGRFEAS  SL 4 S 1 P,

HH 2% 1 A1 AU R /N 43 e B 422 5% ) ;iR
BIZER . wl1=0 B, B0 i fl 0 FRBE A 510K
JE T A A AR (LB A5 A ™ F IS IR U3 28, 445
F 5 LR AR AR AT S 4 SR I A 2 Bl X AR AR AR
HA — 2 M 2R 50 88 71, 78 S i B B AR 59
GRARN T REA R ZES AR 7 il 2
FEAR ;w2=0 BF, AR A B U500 56 A3 4 AR Ab T 441K
KL ORL #l FERET A& JZE v, 35 43 /N 41 1 3R
BRALF A, SE AR R N A BARFEAR RS L BE—

BRI R AE [R) 20 vp &b T Fe i, /£ ORL A FERET
K PR v 43 /N A Kb F S5 v 5 2R 3% B il ke A
A5 G FEA RLA BB SR = U R . FE =
ASEL O AU B . AR AR 0 15 501 6 35 K 38 %]
Bl M7 ORL Al FERET A FE i, #8437
2 35 3 i (H , T A /D 43 35 B IR A Bl i 25 1Y
o (B, BB SR LR R AR il X R R A RS R R AR A
B R R

AR ARG, JE AR FEAS Al X B RE AR A5
QREAR HEATAUIE Rl A 18 3 31 556 LL SR R RE AR TR 51 A
2 OF BRI FEAR SR AR AR B Bl —
AbF 5 A L R0 R A TR 2 P R B R R RE AR



512

LR s e NN I E NG RPN U DN A R R0 991

2% ~4%, WWIR IR HEA 5 G R RE AR B A 5 1% ~
2% . £ ORL AR FE S5 A A AR 55 3l %o R A A AL
H RS R AR AS 5 BB AAUE Ml A 52 = U %
FERR/INAL ] ) B e AR N R R AR 1.2 B, 3
FNZRREA LA 75 2 o o OISR T ZRAE AR50k
3 B A e UM R AE 56 AR 5 Bl X B A A 1)
L LR IRREAR R 2% 2 A . R ABORZ T
Bp— i NFEARECE 30 1) FERET AR B JR iR #F
A% bR R AR A R AR A T T R = 2
B R BTN B B A AR O SR i A
AR B 2 e R U R AT AR ER AR R AR 5 A X AR
FEARRA 53] R IR A 3.4%0 ~9% . LR
FEAR GG REARR G 2.7 % ~5% ., SCEeRI, R
LRREAS il BRRE A R B AR FE A 2E 4T B il 45 e —
FERREE AR U R FE B AR P RS R AR 5
FRFE A BB il A %o 2 2 S 0 R A A

6 % »

TE S B A I 8 A5 R0 R R0 32 3]
&R Z P Z R L DU R A B D
CAE SN D) | DN AR S N DN a1 Ab 7 B
TR T M i R DR AR S B I 2R ke
AR L SR L R T R UL AR N I R A R A
— S N K P2 v S 36 RE B e TR R SR A (R
FHAR N PR B AU R R b X B A
AEZE— 2 $ e PR 5, S 20 M T R AR R AR
5 T 0T R AR AR AL il RE AT A4 o A TR R
TR AR Y IR A A i X PR AS Bl S Y P [ R
BV o AESERRBL A, TR /NEEAR )8, AR SCHR
7 ¥ RE R NI TR ROR 3 A I 2R A R it b
T S

& X X #k:
[1] ZHU N B, LIS T. A kernel-based sparse representation method for face recognition [J]. Neural Com puting and

(2]

(3]

Applications s 2014, 24(3); 845-852.

DU Y, WANG Y. Generating virtual training samples for sparse representation of face images and face recognition
[J].Journal of Modern Optics, 2016, 63(6): 536-544.

BB Bl A ORI 7 vk Bt RE AR [T . 6 58 4 % T42,2017,25(3) : 779-785.

MIN W D, SHI J, HAN Q.et al. A distributed face recognition method and performance optimization [J]. Optics
and Precision Engineering , 2017, 25(3): 779-785. (in Chinese)

WU J X, ZHOU Z H. Face recognition with one training image per person [ J]. Pattern Recognition Letters, 2002,

XU Y, ZHU X J, LIZ M, et al. Using the original and ‘symmetrical face” training samples to perform representa-

XU Y. LI X L, YANG J. et al. Integrate the original face image and its mirror image for face recognition [J].

TANG D Y., ZHU N B, FU Y., et al. A novel sparse representation method based on virtual samples for face rec-

WRIGHT J, YANG A Y, GANESH A, et al. Robust face recognition via sparse representation [ J]. IEEE Trans-

[4]

23(14); 1711-1719.
[5]

tion based two-step face recognition [J]. Pattern Recognition, 2013, 46(4): 1151-1158.
[6]

Neurocomputing s 2014, 131: 191-199.
[7]

ognition [J]. Neural Com puting and Applications, 2014, 24(3/4): 513-519.
(8]

actions on Pattern Analysis and Machine Intelligence , 2009, 31(2) . 210-227.
9]

ZHANG L, YANG M, FENG X C. Sparse representation or collaborative representation: which helps face recogni-
tion? [CJ//Proceedings of 2011 International Conference on Com puter Vision. Barcelona, Spain: IEEE, 2011;
471-478.

[10] Ze44, 8 2 & LT F A PMER A AR E) ] b W= T X% 54k ,2014,34(9):966-971.

WEI D M, ZHOU W D. Facerecognition using bit-plane images and collaborative representation [ J]. Transactions

of Beijing Institute of Technology, 2014, 34(9): 966-971. (in Chinese)

[11] ZHU N B, CHEN S X. Weighted sparse representation based on virtual test samples for face recognition [ J].0p-



992 W5 B 532 %

tik-International Journal for Light and Electron Optics» 2017, 140(7); 853-859.

[12] Fwew, K E, A4, F G E LA FEAS R BAEA A AR R B B R LT ] 2 ALH K, 2016,40(9) : 117-121.
XIANG X L, WU S, LONG W.et al. Face recognition based on the fusion of original sample and virtual sample
[J]. Video Engineering , 2016, 40(9): 117-121. (in Chinese)

EB B AW 1991 —), 5 IR FEN T 58 A ERF I 1) S PESAL 3 AU . E-mail: erdenzer@qq.com



