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Abstract

Face recognition is a classical and important problem in the field of image processing. There are
numerous research topics related to face recognition. Among these topics, handling continuous
occlusion or lighting variations is currently one of the most challenging problems. In addressing
the issue of face recognition with extensive occlusions or no occlusions, this study proposes a row-
sparse local constraint matrix regression model (RSLMR). Instead of directly imposing a nuclear
norm constraint on the error matrix, this model applies an I;,;-norm constraint. Additionally,
RSLMR incorporates regularization terms based on the internal similarity of test images and weights
classes using distance information. Furthermore, RSLMR encourages the coefficients correspond-
ing to training samples to be similar by minimizing the differences between adjacent coefficient
values, thereby leveraging the collaborative relationship among all training samples within a
class. Finally, the proposed model is solved using the alternating direction method of multipliers
(ADMM). Experimental results on the FERET, ORL, and CMU_PIE face databases demonstrate the
effectiveness of RSLMR. Compared to other regression models, RSLMR maintains a high recogni-
tion rate even in the presence of large occluded regions.
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Figure 1. Pixel values of the test image, reconstructed image, and error image

LM EG. EREGRSREEGNGRE

22. BB SRR
HETH—DEIHL, RSLMR f4)4 H AR En] A 0 F -

min |E,

st.Y =D+E,vec(D)=Bx
HAYy eR™, DeR™ Ml EecR™ 73R iR A, EREGMRERGE. BeR™ RxREE v /NI
%EQWEWMeW%Bﬁ%ﬁﬁ%wﬂmﬁﬁﬁ—%ﬁﬁ%ﬁﬁﬂiﬁ%ﬁE$ﬁ%¥ﬁﬁw%w)
FRFEE D R EFR.

DOI: 10.12677/aam.2024.133092 983 I3RS


https://doi.org/10.12677/aam.2024.133092

FHRERR, TR

FTH R, A ER R g — N IE AL K Of 1 35 2 EUR K JR B 45 44 -

;'sn . - Di-"F
Horb, sy FORE VAT S AT Z R AR, THREER Y.
r-vidl,
s.=e ©

]

Lfﬁﬂ%i?ﬁi’%ﬁ?’ﬂtr(DTLD) Hrp L 2P -S, hr SR ke, PR — X AHRE, HAEE i
ANRIFTCERSES, B AT, S, 2 (i, ) TR sy MR o R JATARELE S8 FR Z R B RE PR T 2L 2
HIFGE T, RN FRATH F— SRR UMER R, FHEXTASFI 2Rt B . (R A A RSLMR 41 F -

QﬁgQZZ( 5~ XG50 %ZHE (iay], * % [Ell,, + 44t (DTLD) + 4, ZWIIB I
st.Y =D+E,vec(D)=Bx
Forb x R x; VRIS | ME, Bl X, =(X,1 Xipy m.) A~ s LHARIERZH. o€ XH:
o =exp(ud,), d; _Hy B, IB,) BiTy2

)

ot B, e R™M NS i KIS EMGEIRHERE, BB =[B,B,, B, ] n FRE i BINGHAL, ¢ FoR
WZRBEA 2R S 2L
HEFEC e RMIM™ AN A € RV (11,2, n) M H I 4 F

-1 1 0 -0 A 0 - 0
0o -11 -0 0 -0
A=. . . . .| Cs= Az o
0 0 0 - 1 0 0 - A

FEXT MAERE H e R™, BATHS 1 WM TER BN 1, MHRKMITTREN 0. FFHEHERE
PeR™(i=12,c), HrisiBxMMAE S AAMIE, HFEH AL B 0.
W FIGE AR, )W ASE N

C
min SIRHAL + AJcvec(E)| + 4 €L, + 4tr(DLD) + 2,31 [BH x|

a (2
st.Y =D+E,vec(D)=Bx
RRIETTE, BAIBINHHZ Ry e R(M" 5y mn , BR)MEA:
. QL'[;UZIIPH X[ + Al + 2 JU],, + Atr(DTLD) + 4, Zw |BH,x; @

st.Y =D+E,vec(D)=Bx,n=Cvec(E),E=U
NTRAEB), BATRAZCE T7 MR 7L (ADMM)EE, %64 H @) 3G ks I H ek 4
Ld(x,E,D,77,U;q)=Z||PiHix||§+ﬁi||77||1+/12||U||2‘1+/13tr(DTLD)+/14§a)i||BHixi||§

QY -0~ )+ 2| -0~ Eff +(avec(D)- 8x)+ Z]vec( D) B[

+(0s,Cvec(E >+E||Cvec 77|| (Q E-U)+ —||E—U||2F

DOI: 10.12677/aam.2024.133092 984 I3RS


https://doi.org/10.12677/aam.2024.133092

FHRERR, REE

Hho>0R—AMEWSH, QeR™, q,eR™, g,eR™"5Q, e R™ &1 hikk ¥l 7T
BAh@ DU PR R OEAR A A & .
CF 1) Bk E, [EEHAARE, W E-7 ) E ] LUEAE:

EX — arg mEin<Qlk,Y _Dk— E>+%||Y -D" - E"i +<q§ ,Cvec(E)_nk>

+%||Cvec(E)—77k||2 +(QLE —Uk>+%||E—Uk||2F

Q!
+% E-U"+=4

Al
9 lcvec(E Rl
o vec(E)-n*+ .

=argmin— HY D* - E+Ql
E 2 o

o

F 2 F

=Mat(¢)
Hih ¢ =(201 +aCTC)7l(ay—avec(D")+ql" +0CTn* ~C'd} +ovec(U*)- q4) - Mat( ) /¥ 1 B 5 A
FEMERIZEAT
(P 2) fEHANEEYE S, W D-F [ AT LA 1

D“* =argmin Jtr(D'LD)+(Q{,Y ~D - E"*l>+%"Y -D-E*[
+<q§,vec(D)— Bxk>+%||vec(D)— Bx" ||z
N 2
2 o

F

= (2L +201)" (0¥ ~ B! + Q! + oMat(Bx* ) - Mat(q} ))

, o as
=arng|nﬂstr(DTLD) > vec(D)-Bx* +-2|

o

2

(P 3) BATERL LU AR x, FEM B v, 1550 x At ig:

X! = argmin Zc:"P, Hxs + /14Zc:a)i IBH x| +<q2k vec(D*!)— Bx>+g“vec(D"”)— Bx z
XA i=L

—argmin Y [RHX + 43 o [BHx [+ V%@M)BH%
i=1 i=1

o

2

=1

c -1
(22( O (PH,)+24, ZwHiTBTBHiJraBTB] (oBTvec(D**)+BTq})
(U 4) Hk, p- i RURT DL I R ST
n* =arg m”in A |l +<q§< ,Cvec(Ek*l)—n>+%HCvec(Ek*l)—n“z

K 112

+ q
Cvec(E* 1)—77+;3

=argmin A rl +3

=V [Cvec(Ek+1)+£J

o

2

Hy, () —RPBIEHT .
(3 5) BUF I E AR, KAt U

DOI: 10.12677/aam.2024.133092 985 I3RS


https://doi.org/10.12677/aam.2024.133092

FHRERR, TR

Ut =argmin U], +(Qu " -U) + T[E U],

2
E¥'-U +Q—:

:argrrbintr(UTGU)+% 0

=(24,G+0ol) " (cE*" +Qf)
Sk G LBV | MU AETERN g, = U, |, 100 A

s ks B H 1 I ST W R
Qlk+1 =Q1k + O'(Y _ Dk+1 _ Ek+l)

gt =qs + a(vec(Dk*l)— Bx"”)
qgu _ q|3< +U(CV€C(EM)—7]M)
QJ:H =Q,I1( +O_(Ek+l_U k+l)

15 1IE BRI E XN
ksl |Xk+l_xk|| Kl "EM_Ek" K+l ”DM_Dk"
tl* :k—w<g’t2+ :%<g’t; :%<g
x| & o]
ket |77k+l_ k" K+ ||Uk+l_Uk||
PR M IS N P
K K
|| o]

B FRBA VS EA bR, B X R | KRV, BRI | KU EEARIERE, 5
KA B R SSERE ) Mat (B ) . 40195 24550 = argmin|Mat(y — Bx, ) -

3. W{ELIE

AT, BATKEIRATEA RSLMR 5 LRC [7], CRC [9], SRC [8], GSC [10], NMR [14], SR_NMR
[15], ENMR_RLS [18]#1 LDMR [17]347 T tb#. fERRATMER S, BATESHEEWT: 4 =2,
A,=0001, A4=3, 4,=01, £=0001. FATHLIEIERE LT AT EIEE: FERET, ORL 5
CMU_PIE $¥5 . A OB ME 45 B4R Z AL 4 T i5-7200U 2.50 GHz CPU A1 20GB M AZ K280 A Hfini
£/ MATLAB 3K75 1.

FERET ¥ A & 75k F14) 1000 4 5B 1) 14,126 5K A6 B - X L8 B 5 T ARG 15
BRI . RATRA—A T4, HPhas 7T 200 MMAIL 1400 5k NG E1G . S236 4 i B R
WAy 48 x 42 1B K

ORL %4 P55 40 A\3% 400 FRIHEEIR . HAREXN RAE 10 E& 0 — B K B, B
BRI 92 x 112, BB SO ER A, KA REST RN TR AT G 2N, AR ARFEAN %
AW, FLR B AP e vl ik 20 FE . 7ESRIGHH BRA TR ARG EG MG R, BT 92 x 112,

CMU_PIE ## £ 68 £ £ JE# 1 41,368 7k 2 44, HIARE TS EIER . b S mt i
A UG AE TR B B A5 T OREER,  H AT CGE O AR A AUk i) — A B RS . seie
BT G R/ RREhy 48 x 42 13 &

3.1 SEREHTHARIRZ
LR, MRS B2 BIR  IXERE B 52 B X AT fE 2 15 AR I %

DOI: 10.12677/aam.2024.133092 986 I3RS


https://doi.org/10.12677/aam.2024.133092

FHRERR, REE

IR, BFEREBK. XMET, REEBGHMNGEREBEERIIC. X3 80R2ERGHE AT & KT
FAEBUN, AT AR ITEEBUN, EEZURAE N 00 BRI SR w2 22 R RE (1 1, Ve BUEAT IR AR 0 =5 21,
BRR LA TR ZE DTRR BN BT LA o (Rl FEATTH, AR A LI CMU_PIE %45 ek
MR A R PR . IRYEOGIESRSE, AT CMU_PIE ¥R ER 2N 6 M1, NTELRITHEG, A
Ji: G R IIH NERR P= B O R AR A . FRATME A 48 1 [ TN, (EH 74 5 FIr4 6 ATk, 45
R 1 R, ATLCE th RSLMR BEAUE PN IINRAR Rt ~FIR %4 93.2%. 5 LDMR AHLL,
RSLMR 7E- 745 5 fll 74 6 b2 I T 12.87%711 18.38%, 5 ENMR_RLS A EL43 32 1 2.95% K11 4.78% .

Table 1. Recognition rates of all models on the CMU_PIE database
3 1. FREHERE CMU_PIE #iRE _EAIRAIZR

et LRC SRC CRC GSC NMR SR NMR ENMR_RLS LDMR RSLMR
Mik4ES  60.29 60.29 60.29 60.29 70.96 73.16 91.54 81.62 94.49

CMU_PIE
MikgE6 5257 52.57 52.57 52.57 61.76 63.97 87.13 73.53 91.91
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Table 2. Recognition rates of all models on the CMU_PIE database
2. FiAEAAE CMU_PIE #iEE HA9IRAIZ

f ik 1 IMiskdE 2 k4 3 MikdE 4
LRC 57.35 66.67 53.82 47.27
SRC 57.35 66.67 53.82 47.27
CRC 57.35 66.67 53.82 47.27
GSC 57.35 66.67 53.82 47.27
NMR 60.29 70.1 53.53 48.53
SR_NMR 63.24 72.06 55.59 49.79
ENMR_RLS 85.29 91.67 87.06 73.74
LDMR 76.47 86.27 74.41 65.76
RSLMR 91.18 94.61 92.06 78.15
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Table 3. Recognition rates of different models on the FERET database with different training sets

3% 3. 7£ FERET BURET, MEEIIGENTESEREIRARAR

L YIgkdE 1 WIgxsE 2 YIZksE 3 YIZReE 4
LRC 51 385 41 42
SRC 64.5 50.5 46.5 56.5
CRC 64.5 50.5 46.5 56.5
GSC 64.5 50.5 46.5 56.5
NMR 735 53 415 53
SR_NMR 74 53.5 47 56
ENMR_RLS 67 435 295 42
LDMR 74 72 75 795
RSLMR 785 76.5 76.5 80

PRI E IIZRAE 1, W BB CE ANFIN R 3R I, S5 5R Ik 4 o, ATRLE
AR EHREZHIE LN, LDMR 5 RSLMR FRAIFR K ZFAR R . qiEiils% 1, LDMR
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Table 4. Recognition rates of different models on the FERET database with different test sets
& 4. 7€ FERET iR+, MENXENTEZREAIRAE

AR Mt 1 Tk 2 M4 3 M 4
LRC 30.5 40.5 61 51
SRC 33.67 44.63 69 64.5
CRC 33.67 44.63 69 64.5
GSC 33.67 44.63 69 64.5
NMR 35.42 47.13 75 735
SR_NMR 35.42 46.75 74.75 74
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ENMR_RLS 28.42 38.75 67.25 67
LDMR 40.58 51.75 77 74
RSLMR 48.08 57.13 77 78.5
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Table 5. Recognition rates of all models on the ORL database

5. FREHEAE ORL HiRE LRYIRBIE

iR LRC SRC CRC GSC NMR SR_NMR ENMR_RLS LDMR RSLMR
TR 4E 1 775 775 775 775 80.83 80.83 65.83 78.33 82.5
ORL
MRLE 2 78.5 78.5 785 785 79 79 65 78.5 80
4, &g
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