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Face recognition algorithm based on FAST collaborative representation classification with
intra-group prediction reconstruction coefficient /> norm

Mei Weijian, Qiu Guoyong
(School of Computer Science, Shaanxi Normal University, Xi’an 710119, China)

Abstract: Aiming at the problem that the collaborative representation classification with regularized least squares algorithm
(CRC_RLS) recognition execution is slow in face recognition applications, this paper developed an algorithm based on fast
collaborative representation classification with intra-group prediction reconstruction coefficient /> norm (FCRC_L2N) by
studying the relationship between predictive reconstruction coefficients and face image classification. The difference from
other cooperative representation algorithms is that the FCRC_L2N algorithm does not have a process of calculating the
residual, and directly classifies the picture by introducing the /> norm of the intra-group prediction reconstruction coefficient
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vector. The experimental results on the standard data set show the efficiency of the algorithm.
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Fig. 1 Geometric Interpretation of Cooperative Representation
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Fig. 2 Partial test sample prediction reconstruction coefficient (category label of sample is 82, 5, 31 in order)
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Fig. 3 Comparisons of algorithm structures
before and after modification
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Fig.4 L norm of intra-group coefficients of prediction reconstructed coefficients for some test samples

(category label of sample is 6, 82, 78in order)
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Fig. 5 Performance comparison of algorithms in different databases
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96.296 2% , 5 JEEHEALAH 2 0.022223; T A SCHRE R
FCRC_L2N S3E 1) &R nl K E 0y 98.518 5%, 5 CRC_RLS
BOEHRGKE A E . B S (f) Esn T #E Extended Yale B %
PP AR S CRC RLS HEAERGIEE FnER. &
7 BT RREZEE & HIEAE Yale £ T Hszib s B, wT
PLE W, AR I FCRC_MC 5 1 f R Bk B R
86.666 7%, 5 R ik A2 0.111 11; A IR H ) FCRC_L2N
B i R RS BE N 97.777 8%, SR E AR, B 5 (g)
JE7R T 1L Yale 855 A L5 CRC_RLS HUIETERFIKE

EERER R 8 BR T AFSH T & HILTE ORL 4L+
HIsEIRgE . DR, ASCHRH ) FCRC_MC Sk 1 s
WK BN 89.333 3%, SJRME HAHZE 0.048 334; ASCHE
Hi Y FCRC_L2N S0k i e = iR A FE R 94.166 7%, S55EHE
AR 5 (h) BRTH ORL HiEETALEES
CRC_RLS SR/ RAIRGEE L ZER . AR, ACHEH
B ELVE IR A SR R ARG B, 1X 388 T FCRC_MC &k
AT FCRC_L2N Bk 25t , 25 B R PR 2 AR SCHR H i i 4
TEAR A L% B 1040 25 ) B8 AR 4 MK A5 VR B RE AR R 2R 31 b 5
5 BRI AT R BRITEL s A SCAESR H FCRC_MC 532
Ja I NH P TI R R A R L YU — D o
£ FCRC_L2N &k, siiess R B7x FCRC_L2N HiEA
Lt F FCRC_MC #13%, £ AR. Extended Yale B. Yale #1 ORL
AP IR E AR E T 2.861 2% 2.222 3%,
11111 1%- 4.833 4%, X3 B A it — 0 Budh i R 1 A 2012k -
2 T DR R 2 P T B A R B A ) L YA S S v U
AH B3 T T AL R B I A AR A SR HE T, BB A AR
FEARII AN bR T 5 B AR i 245 7= A 5 58 I 5 Bk

RS AR HUHEE B FIEEAR R S HOT U 5 L

Table 8 Comparison of recognition rates of different algorithms under different parameters in AR database
y) 0.001 0.003 0.009 0.01 0.03 0.06 0.08 01 0.11 012 0.15 0.2
CRC_RLS 783977 856938  90.2718  90.4148 925608  92.9899 935622 935622  93.7052 93.8483 93.7052 93.8483
LA
CRC_LiR 72103 80.9728  88.6981  88.4812  90.9871  92.2747 925609 927039  92.3039 92.99 92.7039 92.1316
FCRC_MC 78.8268  83.5479  86.9814  87.1244  88.9842  89.6995  90.2718  90.1287  90.1287 90.1287 90.1287 90.4148
[Heciatery
FCRC_LL2N 728183 815450 885550  89.1273 912732 922746 925608 927038 927038 93.1330 92.7038 92.1316
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Table 9 Comparison of recognition rates of different algorithms under different parameters in Extended Yale B database
A 0.001 0.003 0.009 0.01 0.03 0.06 0.08 0.1 0.11 0.12 0.15 0.2
CRC_RLS 90.3703 93.3333 98.5185 98.5185 98.5185 96.2962  95.5555 94.8148 94.8148 94.8148 94.8148  92.5925
ZEE
CRC_LiR 86.6667 91.1111 94.8148 94.8184 97.7778 98.5158 98.5158 98.5158 98.5158 98.5158 97.037 95.5556
Wit E%: FCRC_MC 91.9518 94.074 96.2962 96.2962 94.074 93.3333  91.8518 91.1111 91.1111 91.1111 88.8888  87.4074
FCRC_L2N 92.5925 96.2962 98.5185 98.5185 98.5185 95.5555 95.5555 94.8148 94.8148 94.8148 94.074 92.5925
RT Yale By op % SEAE AN BT IR B3 L
Table 10 Comparison of recognition rates of different algorithms under different parameters in Yale database
A 0.01 0.03 0.05 0.06 0.1 0.3 0.6 0.9 1.1 1.5 1.9
CRC_RLS 95.5556 97.7778 97.7778 95.5556 95.5556 95.5556 91.1111 88.8889 84.4444 82.2222 82.2222
A7
CRC_LiR 97.7778 97.7778 97.7778 97.7778 97.7778 95.5556 93.3333 88.8889 84.4444 82.2222 82.2222
FCRC_MC 80 80 84.4444 86.6667 86.6667 86.6667 82.2222 82.2222 77.7778 75.5556 73.3333
G ATS
FCRC_L2N 93.7778 97.7778 97.7778 95.5556 95.5556 95.5556 91.1111 88.8889 84.4444 82.2222 82.2222
% 8  ORL #udli e rh & FEAEAN R SR R 2 1 LA
Table 11 Comparison of recognition rates of different algorithms under different parameters in ORL database
A 0.01 0.1 0.3 0.6 0.7 0.9 1.1 1.5 1.9
CRC_RLS 87.5 92.5 92.5 94.1667 93.3333 91.6667 91.6667 90 87.5
28 A
CRC_LiR 90.8333 89.1667 83.3333 80.8333 80 78.3333 78.3333 75.8333 75
FCRC_MC 82.5 88.3333 89.3333 89.1667 88.333 86.6667 86.6667 86.6667 86.6667
[ Sri A7
FCRC_L2N 87.5 92.5 92.5 94.1667 93.3333 91.6667 91.6667 90 87.5
R recognition system: robust registration and illumination by sparse
4 LERIE

AT fEYe CRC_RLS Bk AR 8 5 2218 ) 1) i, A ST
IR T 2T T E M A& $ A 5 R ME R FCRC_MC 532,
FET 4 P TN S A R AR B L VB FCRC_L2N Hik. SR
SEAHLE, ARSCE IR T IR T S A YR D RN S SR A 1 Bk
ik, ZRTNEMNRHAERSHISREE, 5IANETM
U EE AL ZR B 1 B P B A 1 0 S T, 30 G 7 K B R 4 T
FILRAGENE . &)E, RAOFBRANSREAMRR, 5N
2PN TN A R AL L VOB, R T HR A
gr b, AR 1 FCRC_L2N B fig 8 47 Hb g o
CRC_RLS Sy ik il 3 B G208 11 1) A, [ W) e Joi 450 v AR 1 A
B . FCRC_L2N B3NSR E A R 24k, s — AN g
LKA T, BESEN LTERRE—PRE.
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