http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200800155

St A 2

RiE R &Rt E R 7R 5 K2 R H A A REIR 5 H ey b A

PRk AR
1Tk AL 5 8 B
2 WHBES G L TEER

B % 210098
BE 211171

i E HASBRATHIERCROFTANEILELRZOPAA AN EHZHORDEHAFEZ (Y EALE, ZET A
MR ATEFATARAAN, BALARDZFRERXB L2 EHARTOEREDEFAME; R4 EMHE /AL, 4
FARERANAGREMABREMIF R CRC H Ty R T MY, 5 M4k A & K Aa ok o 0 nl sX A R PT g o %, &
FEA ARG RN AR RFE T — RO R, AN EFTELEHEAETHN. KB AL EXRBEKIK, £ AR F
CMUPIE # £ Lty FBLEREN IR FEANRALLERRKEERLT CRC.LESMH LR AW . AEFRATHLRNF
HEHETAA LML,

X8R ABEN  EER R AT ABFET

REXSES TPIS3

Fast Local Collaborative Representation Based Classifier and Its Applications in Face Recognition
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Abstract To solve the problem of high computational time complexity of collaborative representation based classification method
(CRC) , this paper proposes a local fast collaborative representation based classifier for face recognition by using the positive cor-
relation between the reconstruction coefficient and sample labels. Firstly, the least square method is used to solve the linear re-
gression problem with a L2 norm constraint,and then the negative reconstruction coefficients which are unsuitable for classifica-
tion are discarded. Finally,the maximum similarity criterion instead of the reconstruction criterion in CRC is adopted to determine
the label of the test sample. The proposed method can receive better performance by taking local similarity into account,and con-
sumes much less time without sample reconstruction than CRC. The experimental results on AR and CMU PIE datasets demon-
strate that the proposed method consumes much less time than CRC,and can achieve better recognition accuracy than some state-
of-the-art methods with varying illuminations,expressions and angles in facial images.
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Table 1 The best recognition rate of each algorithm on AR
database
! NNC SRC LRC MRC CRC FLCRC
(=4 46.08 60.92 51.17 56.00 67.17 67.58
(=5 48.52 72.41 53.80 59. 35 78.70 79.17
(=6 54.48 78.85 69.79 60.52 84.58 84.69
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Fig. 7 Comparison of the best recognition rate of each algorithm

when number of training samples is 4 on PIE C27 database
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Table 2 The best recognition rate of each algorithm on

CMU PIE C27 database

! NNC SRC LRC MRC CRC FLCRC
=4 39.12 70.75 42.91 51.76 77.19 77.58
=5 40. 47 73.70 50. 64 51.54 80.15 80. 41
=6 42.00 77.19 52.39 48. 84 83. 14 83.38

IS 6 v T X A I R A A S B R B 1 i, FLCRC R B
TR RGN R 2 T LR B TR AR S MR R T
BIRAS T R Ar v RE .

4.3 CMU PIE AR ##E & C05 X£I§

AT HEEL Co5 HEAT S5, CO5 ALy 24 N2, B 2K 68
ik, it 1632 ANFEA, BT A B R FEAR BN T RAEE 64 % 64 1%
RIREE R, CMU PIE $t#E g Co5 b A —ZEFEAR MY 49 IF
E G 10 iR,

10 CMU PIE ## FE Co5 LFE A 49 R &%
49 images of one person on the CMU PIE C05 database

Fig. 10
S BB R NGB AR BT ((1=4,5,6) P REARME SR
YIZAREAS AR REAAE MK AR AR . B A Sk AT 1 25 40k
PCA [ 4EAb B, 35 5% 2 B0 80 384 i £ 240, [a] Bd & 20, SRC
BB 4% e=0. 001,CRC 5 FLCRC $1& % A=0. 09,
B 11— 13 5 CMU PIE JE LfE I 2R K/ R 4,5,6 (hEZk
FEABERL 4,5,6 D) B R B4R T £ LR, &
3 9 PIE CO5 B Bl ZhBEAR 053 50 4,5,6 B, 25 5006 1 I
EST

Recognition Rate

100
90
80
70
60
50
40
30
20
10

80 100 120 140 160 180 200 220 240
Number of Principal Components

I 11 PIE FE Co5 LNGRAEARC 4 I 453 2 e A U e 1 LU A
Fig. 11

when number of training samples is 4 on PIE C05 database
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Table 3 The best recognition rate of each algorithm on

CMU PIE C05 database

l NNC SRC LRC MRC CRC FLCRC
=4 57.78 75.81 65. 88 48.95 83.66 83.69
=5 58.39 79.78 70.19 47.93 86. 30 86. 60
=6 58.52 82.80 70. 86 46. 14 89. 40 89.57
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Table 4 Time consuming comparison on Extended Yale B database

G107 Ts)
components CRC FLCRC Multiple
50 142. 37 9.77 14.58
100 179. 38 10.79 16.62
150 251.34 11.31 22.23
200 267.78 11. 31 23.68
250 331.52 11.82 28.04
300 383.94 11.82 32.48
350 418.38 11.82 35.39
400 470. 29 11.82 39.78
450 521.69 11.82 44.13
500 584.91 11.82 49. 48
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Table 5 Time consuming comparison on the FERET database
(P71 .10 6s)

! =2 [=3 (=4 =5 (=6

CRC 133.25 137.81 142.29 150. 62 158.13

FLCRC 1.50 1.85 2.08 2.50 3.13

Multiple 80. 83 73.50 68. 30 60. 25 50. 60
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P C27 TR AR  Hf AR 5 CMUPIE %4 45 v illl 254k
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Recognition Rate
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Fig. 18 Relationship between A and recognition rate in FLCRC
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4.5 ELWERNN

MRS ST 45 5L, T DIA 30 40 R 45148 .

(DEFE3—Ks B 7—K 9. K 11— 13 sl A&,
6 A RVBOE 4 A TR W 4 20 1 T, FLCRC B9 31 2R 24 K i i
U FHAR G P E RN KB, 5E CRC Bk M LEA
NI E R $RTE . X EE R T FLCRC R T & &6 b ) i 18
R F 30 T B4 25 (] rh ke 6 0 AR A, T A R T IR 2
FEAS T 25 ) (A B0 L FLCRC X M 7 A O i 1 4 4k
PE TR ' IR LN L A B A8 Ak 00 R AR B 3R B O g i iR
Pl

(2)FLCRC B, mT 981y S 80 A 1 HU{E X fiw 28 1 &5 21
BN XEHEEMMEN ., S/ Z Ik 0 Y R A b gl i 7
BR800 Ao A R 5 o R M R 25 1 O R SR B
T 0 5 A R ERALL B s BRI SR A8 5 2 min [|YVeew — Xw |39 w, B
T | wll 3 £528 L2 15 0 4k 4 29 SRR, 0] LAl fe /s 3 ik 31 B 4
HOIE TN SRk A LA RE A 808 S T s 4 ]

(3 MNF 4.3 5 0] LLE I, FLCRC #3R fifg 33 )8 A 5 b,
B IR ARE A Y B PR i s ) BT LLGA F) 1077 s K AR
Ji CRC k45 /NEL 14y 2 —. Bl 14 W, B R SR 4R 3 4
BN 50 BERK B 500,97 KT 10 4%, B A 5B 1Y i E] &2 2 B AR
A A TR E A 8 L e SRC Bk 4 RE 5 38 K B o I B L
AN T 5 40 £5 5 JR CRC SEAFER M $2 A I B, oA
4% A SCHE M FLCRC S5k 7 O 0 % 52 4 B0 K 10 51
LT LI )52 2% BE AN T 21 % . AT LA UL, T 0 s 4
AT, FLCRC ¥ 75 B 0] & 2% B [ 3¢ 80t 78 K A O 1k
B 16 o % DI 25 5 BUM ARG 1 K, FLCRC 82 %t T B A~ B A
FERT B34 Jm Eb w5 H A 4 500k X2 i F FLCRC Xt
i % 22 B0 TOUAL 38 Je 12 Y BIOR % o5 48 T R 4 i B ] L B
YINGRAE TN B, 75 50 22 500 B0k B =2 b 810 48 o 38 R



214

Computer Science FTHEHLFIZ:  Vol. 48,No. 9, Sep. 2021
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