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Abstract: Non-negative matrix factorization (NMF) has been widely used. However, NMF pays more attention to the
local information of the data, it ignores the global representation of the data. In terms of image classification, the global
information of the data is often more robust to noise than the local information. In order to improve the robustness of the
algorithm, combined with the data of local and global representation, and considered the characteristics of low-rank re-
presentation, a non-negative supervised low-rank discriminant embedded algorithm was proposed. This algorithm as-
sumed the existence of noise in the data, decomposed the data into clean data and noise data, and made sparse constraints
on the noise matrix through the L; norm, so as to enhance the robustness to noise. In addition, the algorithm used
low-rank representation to learn a low-rank matrix, then through non-negative decomposition, the robustness of the algo-
rithm was enhanced again. Finally, combined with a study of graph embedding method, the local and global data were
retained at the same time. The algorithm is applied to various noisy databases, and the recognition rate of this algorithm is
improved by about 5%~ 15% compared with the comparison algorithm.
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F2 BRIEFT ORL AREIEE EREZHRSIRANE
YRAN Ky 5%5 YR 10x10
HE
=3 =4 =5 =6 =3 =4 =5 =6
LDA 57.87% 64.37% 70.83% 76.51% 56.42% 60.21% 66.83% 70.21%
LRR 68.21% 73.33% 75.67% 81.25% 67.21% 72.36% 76.53% 80.67%
LPP 66.71% 72.34% 74.5% 80.21% 64.27% 69.55% 72.61% 78.25%
SLPP 73.66% 77.11% 78.11% 83.06% 67.34% 72.6% 78.07% 81.95%
NMF 70.08% 75.99% 78.91% 85.05% 65.5% 70.17% 73.62% 83.25%
RNMF 78.81% 81.66% 83.71% 85.55% 73.46% 78.21% 83.21% 86.53%
LRNF 82.01% 84.1% 86.25% 89.66% 75.67% 82% 85.37% 88.41%
NSLRE 86.07% 88.33% 90.61% 93.58% 83.05% 86.58% 88.51% 92.12%
%3 BOERT Yale ABREHEE EEE X HRSIRAER
RN N 555 RGN 10x10
=3 =4 =5 =6 =3 =4 =5 =6
LDA 62.11% 66.1% 72.33% 76.11% 60.7% 64.1% 70.11% 73.99%
LRR 72.16% 75.23% 78.66% 82.22% 71.42% 73.33% 76.16% 81.11%
LPP 65.65% 70.45% 75.11% 79.31% 64.1% 69% 74.3% 77.8%
SLPP 71.21% 73.66% 77.55% 84.21% 72.06% 75.75% 78.31% 85.65%
NMF 69.06% 72.08% 76.08% 82.25% 68.26% 71.88% 77.33% 80.25%
RNMF 83.33% 85.71% 88.2% 90.5% 81.66% 82.71% 84.88% 89%
LRNF 86.12% 88% 91% 92.12% 80% 84.71% 86.2% 90.21%
NSLRE 90.16% 92.28% 94.3% 95.6% 84.71% 87.3% 90% 92.12%
4 BIESST AR AREEE EREENESIRAE
WAHHR NN 5%5 BN 10x10
%
=3 =4 =5 =6 =3 =4 =5 =6
LDA 42.14% 50.72% 53% 58.5% 39.97% 46.45% 50.61% 54%
LRR 61.68% 65.11% 69.85% 74.93% 58.75% 62.11% 66.25% 71.99%
LPP 58.17% 63.90% 67.9% 72% 55.21% 60.06% 63.45% 69%
SLPP 64.05% 67.91% 71.2% 75.98% 61.26% 65.77% 69.21% 73.11%
NMF 62.33% 68.11% 72.25% 77.25% 61.07% 66.21% 71.33% 75.81%
RNMF 68.21% 72.11% 76.25% 79% 65.33% 69.25% 73.67% 76%
LRNF 70.15% 74% 77.15% 82.97% 70% 75.11% 76.87% 80.46%
NSLRE 75.23% 78.16% 82.33% 85.5% 72.17% 77.04% 80.95% 83.25%

i NSLRE 7EHE LU EREHENE, BEERAK 10x10 BRB A BRI 2 P B WD E
GBS INT KN K 5x5 H 10x10 IR H UL 3 KB INZRREA . Sci g sl 3 B
PolyU 808U e 1 JsUn BB B 70 s 55 A1 7R PolyU BEAUEH B4 FRE R B s U R WK 6.
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(b) ”'r%ﬁ 5x5 ﬁ?éi}%m{%{
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(c) ”rﬁﬁ 10x10 ﬁ%ﬁﬁ%ﬂ’]l’é‘l{%

K2 PolyU ZEgfidin FE MR ah R Y
Gy AT x5 F 10x10 BERLER R R 5

(a) J?ﬁu@lf%

K, FIRGEHEEW], LPP Fl SLPP JiiEAE AMiIE ¥

7, R LDA A BT T, K24 LPP #1 SLPP
FOR T BN I EAR, SR A R SR 4 AR A AT

AR S ARBLRE , AU A% 3 5 R v TR R A
TEIR SRR AR A e o A A — PR IR T, LRR
W FEARFEREAE A T EAT AR, AR A 1) &
etk EBA R R H . 5 NMF A RNMF AL,

NSLRE A 5N T AR G2 ) 16 AR, K R 0 R 143
iR N SR, BT DA B I s 25 [R]INE, AH LG LPP.
NMF 1 LRR, NSLRE R EETF T 5%~15%,
XN NSLRE 7EH EREAIE S5O0 Ry I
TR R, SRR BRI ik o I NAIRRRR P

100%
90% EERFIE, MRS T B Emtt. &e, Tl
80% X NSLRE [HfgsetE, Kl 3 F1k 6 737 /R T NSLRE
" 0%y fE PolyU LU bR UG A 1 B i VR R FIEE
= 60%r L= =0 327 N
= ol A I S5 B AR . KL 3 IR 6 el LLE Y,
e 0
ﬁ 0%k m DA NSLRE 7E£8 it S #2440 5 s PR fr R 4 1 i)
=
30%F = LPP K, W EA RUFREaEE.
B SLPP
20%T RNMF R SRR
-l — el FT 6 PolyU EQHEE L RELNESIRME
| B NSLRE S BUAKMR RO S} JERIEOR/NY 1010
JEYEEVN S EE AN B HRIN
(5x5) (10x10) LDA 73.51% 68.21% 62.52%
3 LDA. LRR. LPP. SLPP. NMF. RNMF. LRNF I LRR 7711% 73.32% 69.15%
NSLRE 7t PolyU % GUHH 1 1 s i o S UHERf 5
LPP 81.24% 76.56% 73.34%
SLPP 80.27% 77.15% 71.69%
I8 4 B AN A
45 IWERSOM NMF 85.63% 83.12% 76.87%
: g &1 o =13 .
T NIRHARE B 18R T AN s A ORL RNMF  89.92% 85.61% 79.13%
Yale. AR A1 FERET &% E B iR R
N % I NGB Egﬂfm ,\{JiFﬁ LRNF  90.45% 85.1% 82.92%
WAL R, &2 2K 5 BoR T AFFE SLRE osat 57000 .
SN ERIEY = N EPN o T L W RS 3= ' : :
%5 BT FERET AEEIEE LR EZHNHEIRAMNE
PSRN Ky 5x5 HERYH /N A 10x10
Sk
=2 =3 =4 =5 =2 =3 =4 =5
LDA 41% 42% 46.75% 48.3% 38.55% 41.14% 44.5% 47.33%
LRR 59.21% 61.36% 66.21% 71.17% 56.09% 58.11% 65.34% 69.09%
LPP 57.8% 59.5% 64.25% 69% 54.1% 56.5% 63% 67%
SLPP 57.4% 64.2% 67.6% 73.9% 55.8% 62.03% 68.77% 72.95%
NMF 59.05% 65.01% 71.98% 74.09% 57.11% 62.61% 65.30% 72.34%
RNMF 65.39% 70.25% 77.65% 80.5% 63.21% 66.96% 74.11% 78.10%
LRNF 70.2% 73.1% 80.62% 86.21% 68.36% 71% 76.33% 82.25%
NSLRE 75.23% 78.16% 82.33% 87.60% 73.32% 76.61% 81.45% 86.12%
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