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Robust Nonnegative Matrix Factorization with Local Similarity Learning

HOU Xingrong, PENG Chong
(College of Computer Science and Technology, Qingdao University, Qingdao 266071, China)

Abstract: The existing nonnegative matrix factorization methods mainly focus on learning global structure
of the data, while ignoring the learning of local information. Meanwhile, for those methods that attempt to
exploit local similarity, the manifold learning is often adopted, which suffers some issues. To solve this
problem, a new method named the robust nonnegative matrix factorization with local similarity learning
(RLS-NMF ) is proposed. In this paper, a new local similarity learning method is adopted, which is starkly
different from the widely used manifold learning. Moreover, the new method can simultaneously learn the
global structural information of the data, and thus exploit the intra-class similarity and the inter-—class
separability of the data. To address the issues of outliers and noise effects in real word applications, the /, ,
norm is used to fit the residuals to filter the redundant noise information, ensuring the robustness of the
algorithm. Extensive experimental results show the superior performance of the proposed method on
several benchmark datasets, further demonstrating its effectiveness.

Key words: nonnegative matrix factorization; clustering; global structure; local similarity; robustness
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51

[l

0 AR RO ©ICA AR TE A B R AR b B 1240 R SOAS IS AT 45 2 — 3 T A A
o DR, FE AR B A 4" A5 5 A B R SO IR R T AR BRI AT S5, TRk — R B R
D5 ke Xk e AE AR FEAT AL B W AT U BB, bl BT B AR D AR 22 B R O i, H b A B ) il
VB — b e 4E 500 1 s O 1 © Tz TR B $2 48 TSR AR 8 FBIL &% 27 2] 55 ek

R R 43 it 14 Do D AR A S0 B 1 TR PR T (U B o R TR R A0 e 1 O ik E AR AT
BRI 2 A ik A — S8 H At B4 J7 35 490 40 3 B o3 0 B A A 2 AR R 2 s AR SO B il . T AR TR SO
#r (Latent semantic index, LST) 1E & FJ H] 1 a5 S {8 53 fff 1) St B2, & 308 OB R 4> a5 S, — S8/ 3 5
BT X 087 P9 15 5L A0 23 BT B, DT S 008 s 0 B A5 L 32 8 SOARAZ AT 55 (UK 3R VRS 55) I 1k
it (0% B3| & %18 9 % (Singular value decomposition, SVD) 1158 i K Fig B IR & 45 5 B R M i) i
A A B A A B i SR o T TR R SR S S B e 0 A T R 4R Al £
F DR 4 I S0 AL I 2R 5 ot S 380 T SR TR A B 3k o LA O B R A B B e A A v
FEAEIE T8 03 BYRAE o JE GURE B 0 ik Al 2 AR T 30K M R AR R o 2 308 4 9 N 1 SCAR 9 3 SCRRATE .

A B Al G0 B 53l B3k T LAY o 4 288 A 48 BE AR A 1700 B4 43 f% (Nonnegative matrix factorization,
NMF) 2 s 67080 B o i 68 b 1l 6 0 o A R T SOl 60 M o SCTR [ O ] o o AR 24 4 Tl 119 45
i, o 28l 630 [ 43 fif (Orthogonal NMF , ONME )™t 2 %5 Wt hin 17 1F 22 29 9, i 17 5% % fit
B 5 IR B 88 B 23 ik (W eighted NMF, WNME )5 A ] 6 22 A 4 % 3 2 4 T AS ) AR T 5 2K 3F 1
O 43 A7 (Semi-NMEF ) A0 28 50 F it A 7 PE 2 5k b T 8 o A%y LR A 97 6 B4R 4 it 2 AL AL 2 )
TR S A RO, R T A 2 AR LR S A B BOE SCER T R LR O TR AR U R A
V& T ARZ MRS A (OB o A%l U A B R TR R ) T A AR AR A ) (S AR A b B 2 A
AR RO . SCRERL 15T E 2 e WY, 76 T W B 5 > op DR BR Jm) i JL A 508 45 A AR B 2, 2 SR AE - (1) %
v 2 BRI P Ak D AR A 25 Tl B0 i, O B RS B R 2 5 (2) 2 R S A R 2 LA FE 43 I SBUHE 1) R R A
B () B 19 = 8 JUART 45 49 7T L 75 0 728 48 ik o 1 T D, DT s B it 005 o H B2 AT 19 25 SRR =) 7
LRI A5 A0 3 e 7 00 B S T B AR 3 s R AR 1) A LT 408 54 %5 S 5000 14 Jea 35 L AT 28 44 i
o 730k i AU A 2R 0K Y 28 A AR R PR TG 22 A2 TR AR P o T RLS-NME 38 o A0S 5504k A0 A ] A A 1
PR 25 2 BOHE 1 Ja B 4 4 5 IR L 32 Dy v (1 P BRI 194 4 R A0 Jg 3 AR B P £ 5 ok 27 2 [ s LA 2 AR B
JEIAIAH B PR AR R AR A e o e A, i A A 07 e 20 A 505 i o 0 1 3R 22 1~ 5 R SR i I s pR G, X
S ECT S SRS 2 SR AR, RLS-NME 585k 15 7 0 A8 0080 M 40 09 S ml B T 4, Ju %k
X Frobenius Y2, PR UE T 7 5 MG BEVE L 07 Wk 0 B STRRAT + (1) 3 J J 0T 50 H0 T A A L4 Sk 2
>J B0t A R P TL AR S A 2 ) B B 2R IR [ RE 4 7 R B HE B B 2 A AR R s (200 £, JEEOR R AR A
L Y 27 2] R — A HE SR vh | 7 2 2T H0Hke Jad B8 2 4 1) ] I 3 (R TIE 1 A5 R0 A B B 1 5 (3B IE 2 AR 5 )
FRARRLE (4 22 2] 25 5, ) S AR DL 1 SR 2 RH L0 58

1 RBEAZE
25 58 B B X =[ &1, 2y, oo+, 2, JER™ ", NMF ¥4 J5U06 K085 X 20t g i AE A B HER™ AN
GER" M HFBL, Ak m B T
min | X~ HG" | (1)

s SR KOs X80 B — 5 20 59l 0 1 — 41 H R R 8 1) B AR A — AU AR ROV GORE R R A —
7, R I H R o HE L, G PR R 28 BRI, m 2 7m BHs 48 80, n s BEAS K/ o< RAIE T — I
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Ak 2K B ok R BRUG BCIR JE B o AR fUBE 43 i (Convex NMF, CNMF ) 78 NMF A4 L7l 87 3k 46
e B ) S B4 X B — B B P 2 A BV H = X W HAR Rt (1) B4k R X LU R 1) 358 4 0 4k

min | X — xwe' | (2)
W,G=0 F

CNMEF ¥4 H 95 f# B Ry B8 S0 AR, i W 8 J2& XG0T H ACEE o 3052 o i R 43 8K
i, JU IR i B AP AL — BE ORI AE . B2 ARIE R R A R, X T IUAR B RHAE , X B B A T 2
ARAF B4 I SERRAE . PR, RLS-NMF FH G AR B% 22 (4 47 0 10 14 SR JIORA X6 3k S e AR i P06, F £, K

B ¥ Frobenius JW 40, /5 2 40T W £b 235X

min H X— XWGT HZ = i”[}(*XWGT}m ” (3)
. ~ 2

W.G=0

SR, R A TR A S T A |, R A S — AT LI HOR A L, SRR —
Toft 25 i 5 K50, 38 T T gk R R O MR P R S5 (L, DT B 1 228 W% S MR R R AR B A R o TR AR )
ALC3) B AR /Nl BEOR A — AT B9 L3RR/, BV — AT 1 i P R DR R AT BE 2, T S BRAT
B, 4 Y R BRRAE

(A TE R, 3 (3) 5 T2 IR SR H VI MI O™ I 76 2% ] 38 5% v it 3 4 750 4 B0 B3 3 48+
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W,G=0 2,1

XEF RS URSRR I His B H A A J5 i, B ORI T 2R SVD, X AR, BT A S %
Peng % R MBI AR A Bk E 19051k, 30 (5) AT LA — 45
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%=—(X—E)‘XW+ GW' X" XW + ADW + GO (15)
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(4) Repeat( WAEHF)

(5) WyEXQ2) FH w mIER Q8 EH 65

(6) LSRG 15 = 5,0 BH PHUC AR 10 I A BRI 2 22/ T €5
(M) s=s+1;

(8) End( W7EEF)

(9) W= W, G =G, s

(10) M AEWCBUR I £ 0= 1, 5K PIUCEEARBY F AR B 2 22 /0 F e
(11) =1+ 1;

(12) End(4MEHF)
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3 ETEHSBRT
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X AR B0CRE B 23 i, 5 2 BR A e 0 R RO D AR RO AN TR B R s o E B2 ULW] T AR R
FI (12,18, 21) T F b ok B (6) B O BE 2 > 2& T8 20 B9 R B s C g i 1 7 B8 2 e W o 7

4 LIGERS

7R AR T AR KR 1) S B 4 SR S W] RLS-NMF f9 2 i , I fet JH o 0 3 R 4l JE 4 M PR A 16 6, 55
SMETEANA 28 T RHR S 0 Ok RS PERE LA S A B
4.1 EEHIESE

S Ry IS T Jaffe . Semeion . PIX ,COIL20 #1 COIL100 #4454 . Horb | Jaffe $odl 42 34155 213
SRS, B 104~ B AR Lo 2 A VR H 0 7 Bl i 350 28 155 1 R R 4 B, 5K P 19 K/ o 26 X 265 PIX U6 45 4
ok H 10 IR 100 5K K/ 100X 100 19 K B2 B s Semeion $04s 2 R T B 80N A F 5 87
0—9f 15938k & K-, 45 3K &l Ak 5 k4 g 16X 16 /v ; COTL20 B HE 42 41 & T 20 AN W 45 43 31l 7K SF g s
360°, 1 [ 5 HABE 1 — 5K B 5 B AW IR R 4% 36075 41148 72 5k BRI AR 4R — SR T 1 440 5K K/
g 128X 128 By &1 4% 5 I 3 W i 15 8048 45 COTL100 J2& COTL20 B8 4 i 47 Ji& |, 40 & 100 7% 9y 14 4
QI
4.2 WBEZX

N T PRI RLS-NMF 9 M 6 B A SC 0 3 5 JL Rl Lo 52 5 1F 09 I 7000 [ o0 g O 1L AT T L
NME"® 36k 5 5 8 i1 2% 50 R A 17 A1 60 240 S, SR JH A o 1) 6 5 I 95 0 00 7R 6 5 Semi-NMIF ' FLUx
FZBOHE BN T AR 290, H NMF 538 ] ; WNMEF U2 1 4k BEOR 58 4 9 50 48 i — Fhor ik, B 78
JE i A 075 W 0 A% 7 125 B9 JE Rl 0 T RCER A I s ONMIF B 1 2 i 149 PR B e o 1 I 7 29 s 4k
T FRHUH BRI 1 IF 58 29 50 s CNIME 0% 6 S 9 B o kg B3040 910 A T 201 4, i 75 S5 0 4 T 1A D 56 S 5 4
SRR R 5 B TR 0y 1B TE I Ak GE A2 dE 78 BE 43 % (Graph regularized kernel-based orthogonal
NMF, KOGNMF) 75 1F 28 4k f7U 4 B 43 ik 19 Sk 38 hn 1 11 15 WAL T, % 58 T AR 28 1 43 A O B0 5 b
] TG I 17 % B 43 % (Truncated Cauchy NMF, TCNME ) %5 3o 85 i e (9158 22 0 A 33 5 8, 325 T 3Bt
FE ROy AR A e P . RLS-NMF AHXE T DL 1 sk S6 77 SR 3 T X R f8 45 44 1) 27 21, S 80 AR y i s 431
FBl 2455 4 10.001,0.01,0.1,1,10,100,1 0001 .
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2 /N5 38 1+ 7 Jalfe . Semeion . PIX . COIL20 #1 COIL100 ¥4 45 b {70k byl T H
UM U8 B 3 S B i 4E L IRl 1 J@ R T Jaffe . Semeion \PIX Fl COTL 20 45 42 0938 45 71 ] -

a1l sl E!}'&I!E!fiﬂh R4 4:X]-RATEEET
2oRPO0 warisy Yl % il 1
&
[

= |

a
caeo0p M2Ng g o
ARODO0N NN 0
nOOBD O Z e o LI
COOACE LANeZE% 26 A e s SISO

(a) Jaffe dataset (b) Semeion dataset (c) PIX dataset (d) COIL20 dataset
1 Jaffe.Semeion PIX Al COIL20 #4452 - 1 75 1
Fig.1 Examples selected from Jaffe, Semeion, PIX and COIL20 datasets

[

S0 3 o R SRR R VA SR L X T AR RN O R B K-means #E TR 2. LRI E T 200 kK& AL
If43 BIFE Jaffe . Semeion PIX A1 COIL20 B4 4 1 BEHLIERE T NFKORIEATIL Ko . A N 2K 0B 4 o
BN, — 647 N /(N = N)U N R EE . Wb BEHLES 10 4155 T2 s i 147 2 e
B BRI 09— L Ay B R G5 S A 7 1 9 52 30 485 St L) RE 7 95 48 o 7E Jaffe . Semeion |
PIX FI COIL20 46 4 [ S 86 45 5 2 B /R AE 36 1~4 vh o 3 1~4 h g A>3 A3 A~ F 2k 43 il
ANV FE AR 9 B DR . M5 SR 7T LU i 7E BT A B0 B8 4 R L RLS-NMF JLF- 16 BT A 19 7 4 B

F1 ENFIEE Jaffe MIBE PR 8

Table 1 Clustering performance of methods on Jaffe dataset %
Accuracy

N NMF CNMF  ONMF  WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF

2 99.75 99.75 94.60 99.75 99.75 99.75 100 100

4 95.92 80.37 88.58 95.92 95.32 95.44 99.07 99.07

6 91.41 76.26 88.35 89.47 91.01 88.29 97.80 97.80

8 90.75 69.44 69.62 92.05 94.17 91.46 82.22 91.30

10 92.90 69.95 80.28 90.61 91.55 92.96 86.85 96.24
Average  94.15 79.15 84.29 93.56 94.36 93.58 93.19 96.88

Pur

N NMF CNMF  ONMF  WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF

2 99.75 99.75 94.60 99.75 99.75 99.75 100 100

4 95.92 83.29 91.64 95.92 95.32 95.44 99.07 99.07

6 91.41 78.30 89.94 89.47 91.01 88.29 97.80 97.80

8 90.75 70.44 74.63 92.23 94.52 91.46 85.69 92.12

10 93.90 74.18 81.22 90.61 91.55 92.96 87.79 96.24

Average  94.35 81.19 86.41 93.60 94.43 93.58 94.07 97.05
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AR RM . IF BAERAD IR T 0P B RE T RLS-NMEF -t 56 AR # 2 f fI5 19, 176 1 ) 5 4l
7 18153 3 FE R 7 5 B o 100 ~206 A 1 00~306 0 iX BB S0 45 AR £, o S ORI Jw) 35 AR B 114 2 2] 4R
AR — A 7R 0 A A T v ol S 67 R B 0 e B L S 4 g RRRUE 1

K2 BANFHEF Semeion FiEE Ry B H MR

Table 2 Clustering performance of methods on Semeion dataset %
N Accuracy
NMF  CNMF ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
2 87.60 88.18 87.10 87.57 87.44 88.27 88.86 88.86
4 72.40 70.32 68.48 71.95 72.44 67.67 75.32 75.32
6 61.55 57.50 60.64 58.25 64.38 56.75 64.40 65.47
8 59.52 53.52 55.63 59.63 63.38 55.14 63.47 65.11
10 51.41 45.20 50.78 55.56 59.01 52.98 48.34 61.96
Average  66.50 62.94 64.53 66.59 69.33 64.16 68.08 71.34
Pur
N NMF  CNMF ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
2 87.60 88.18 87.10 87.57 87.44 88.27 88.86 88.86
4 72.81 71.91 70.28 72.33 72.69 69.32 76.51 76.51
6 63.53 61.03 62.96 60.91 65.30 60.37 66.89 67.77
8 61.05 55.72 57.75 60.58 64.61 57.22 65.40 67.21
10 54.11 45.20 52.92 56.56 60.95 55.37 50.66 61.96
Average  67.82 64.41 66.20 67.59 70.20 66.11 69.66 72.46
R3 ENFAEREPIXHIEE EWREMELE
Table 3 Clustering performance of methods on PIX dataset %
Accuracy
N NMF CNMF ONMF WNMF Semi-NMF TCNMF KOGNMF RLS-NMF
2 94.00 96.50 89.00 94.00 94.00 94.00 94.50 95.00
4 95.00 88.00 85.25 92.75 93.75 92.50 96.25 96.25
6 88.17 77.50 77.67 85.00 86.50 86.33 89.17 90.50
8 82.62 78.50 80.88 80.88 82.37 87.13 85.00 88.13
10 82.00 80.00 69.00 74.00 88.00 83.00 78.00 83.00
Average  88.36 84.10 80.36 85.33 88.92 88.59 88.58 90.58
Pur
N NMF CNMF ONMF WNMF Semi-NMF TCNMF KOGNMF RLS-NMF
2 94.00 96.50 89.00 94.00 94.00 94.00 94.50 95.00
4 95.00 89.00 87.00 92.75 93.75 92.50 96.25 96.25
6 89.50 79.00 81.50 87.33 88.50 88.83 90.50 91.17
8 85.38 81.12 81.75 83.88 84.63 88.38 85.38 89.13
10 85.00 83.00 76.00 79.00 88.00 86.00 80.00 87.00

Average  89.78 85.72 83.05 87.39 89.78 89.94 89.33 91.71
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Table 4 Clustering performance of methods on COIL20 dataset %
N Accuracy
NMF CNMF  ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
74.72 73.19 63.85 72.36 70.73 71.67 74.13 76.88
70.45 66.70 67.34 66.82 66.35 67.60 72.47 75.61
12 65.80 58.16 61.19 67.07 66.25 70.68 65.98 70.00
16 68.00 57.83 58.43 63.77 66.56 65.61 63.88 65.30
20 63.96 52.64 57.01 66.88 60.63 69.17 51.81 59.17
Average  68.59 61.70 61.56 67.38 66.10 68.95 65.65 69.39
Pur
N NMF CNMF  ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
4 74.97 73.23 66.94 72.74 71.94 72.40 75.59 78.51
72.80 69.11 70.02 69.93 69.25 71.02 74.57 77.29
12 67.91 60.51 65.16 68.96 68.22 71.76 68.04 71.77
16 68.85 60.10 61.96 65.52 68.37 67.32 66.26 67.44
20 65.56 56.46 59.38 67.99 61.81 70.35 54.93 61.60
Average  70.02 63.88 64.69 69.03 67.92 70.57 67.88 71.32

15 Jaffe B4 4 I, RLS-NMF 7E 48 K &4+ 4 h R I E AL, U HARXT T A 58 4+ J1 1) KOGNMF
J7 % 7E N=8 fil N=10 i} , RLS-NMF 7 #E i % J7 1 tb KOGNMF #8485 17 9% . 76 1 38 A4l 2 Jy
il , RLS-NMF {3 34 ¥ BE 43 51 He v A 7 248 7 2% 1 3% . A X T BoA & ¥ M 19 )5 % TCNMF,
RLS-NMF f #E 8 3 1 F- 2 Mg Ll TCNMF 4255 3% .

f Semeion i 4E I, RLS-NMF A T4 L&A B TR FRR ., #£/0HTF4E L, KOGNMF
() Pk RE AT RLS-NMF 9P R BLAH A, TCNMF A9 2% Bl A0 K F RLS-NMF, {H 7F H g K74 I,
TCNME Fl KOGNMEF f4 e iy % B A% T RLS-NMF . i &1, 78 N=2 i} , RLS-NMF 7 #i i 3% [ {2 1L
TCNMF @ AE 1% 875 N=6 1} ,RLS-NMF fE#E#f = |t TCNMF #5 8% , £ N=10 1} ,RLS-NMF
L KOGNMF #£5 13% . RLS-NMF 7EBE T N=2 A9 i f5 F4E L #F L TCNMF #5 5% DL L.

1 PIX BUHE4E |, CNMF £ N=2 0 i L 2= 0, (BB & N3 K, RLS-NMF H A &5 i ag
CNMF WP R MBS T o 5/ T4 |, KOGNMF #1 NMF #85 RLS-NMF PEfeAH T , H I & T4
AF K X WP 1AL R A1 RLS-NMF . 78 5 28 Fl 4li B 7 1, RLS-NMF 78 if & F 5 L 1S X PERE 6 b
NMF #£ 2% . RLS-NMF 8 REF 16T A 74 LU fe i 280, (B 78 12 F % Ol 19 8 Fp LS T fflt
F W BLAETA TEMES MR | RLS-NMF (£ KR A1 .

7E COIL20 %4 4 -, NMF Al TCNMF 7E /10 748 Lk 8] T B R (A e £ WA -
A BB PEREAR SR 1L RLS-NMF ik . i B 78 COIL20 B8 4 1Y 12 0883t 45 % b, RLS-NMF 78 74
Goitas Wik 8] T Fe i R B, NMF Ml TCNMF 3k Bl 5 8 2 3 A9 1% 3 3 /> F RLS-NMF ., TCNMF ¢
R TE A I, BOARAE COIL20 B4 48 B 3R 5 RLS-NMF 09 R 8L Y, (H )& B 7 Jalle .
Semeion Fl PIX 48 % I B9 R B 28 A W RLS-NMF ., X i8] T RLS-NMF J 578 2 A5t 4 - i Fa
FE T

T UL RLS-NMF 78 K BB 4 b RVRE A 2L, 92596 51 iF COTL 100 B4l 4, 0% T Bl 4 1 3
SR E 2 s .



1134 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 5, 2023

COTL100 % 4 H A1 X5 T Hir i 4 %k EEE“"EEH:BHHH
P 5 oK R T AR BOGR B T 100, TR EEHE=EE==EHEE
COIL100 % ¥ £ L #E 47 [F) BE 19 52 56, 25 pErEEEMNEHEIIEEENHL
RUWFZ SR, Al LA, RLS-NMF 7 =nBUEiEEEEmUEHH
P BTk h LT AR B T R AR :H:E:EHEHB:E
B, 75 v Bl R 0 4l R 7 T AR RE B R AR B HRINNEREEGRIIEIIPER

FEAR T 1% . 18 COIL100 % f 4 1 12 B2 COILI00 KR - K i

AEIT SR T RLS-NME 78 9 Fi i 5L T~ Fig.2 Examples selected from COIL100 dataset

BB T AL FEB, i NMF f1 KOGNMF

AU BITE LA RN 2 A LT I8 8] T Scdp 25 5 o g8 T & 3, 78 — S /N BB 00 45 T R AT 1) Oy vk
76 COIL100 %t % 85 E XA — E 4. i, KOGNMF 7E Semeion Fl PIX % 45 4 - (4 1 fE AL & T
RLS-NMF, 7E 5 74 F# %2 5 RLS-NMF R EAH Y , M 7E COIL100 4 5 1) K 73+ 4 R I i
RLS-NMF . 3 it B Ja 35 JU A 5 4 119 27 > £ R RSB0 A A 1t e 42 v SRSV Rg L £, Y5 800 £ 1 o 1
RLS-NMF % HAE 1, #F — kW] T RLS-NMF (4 80k .

x5 BANAEECOILI00HIESE FH R4

Table 5 Clustering performance of methods on COIL100 dataset %
Accuracy
N NMF CNMF  ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
20 59.96 55.21 59.21 61.33 58.33 60.58 61.54 62.13
40 54.31 43.23 55.10 52.71 48.98 55.75 55.38 56.17
60 52.33 37.08 50.54 49.57 43.61 51.24 50.86 52.03
80 45.80 32.89 48.26 44.92 37.21 44.85 47.58 48.76
100 43.58 35.00 45.33 46.67 33.25 45.17 48.08 46.92
Average  51.20 40.68 51.69 51.04 44.28 51.52 52.69 53.20
Pur
N NMF CNMF  ONMF WNMF Semi-NMF TCNMF  KOGNMF RLS-NMF
20 63.38 58.21 62.33 65.00 61.54 63.75 64.21 65.25
40 58.44 46.40 59.23 57.10 53.31 59.42 58.67 60.25
60 55.61 40.74 54.57 53.47 47.40 55.01 54.51 55.86
80 49.47 36.34 52.04 48.65 40.55 49.21 50.84 52.70
100 47.00 38.33 50.33 48.42 35.83 48.42 51.25 50.92
Average  54.78 44.00 55.70 54.53 47.73 55.16 55.90 57.00

A2 ,RLS-NMF 7 It A B 5 1 4 8 4 7 R th R LR & B i 1 . 18 TCNMF fl KOGNMEF 4§ [
A T4 FI W IR FE A (B 4 R N ELAE R R 4R 1 R 28U LT L RLS-NMF
(2R AL HS 2 e UL 1Y, S IR 25 SRk — 2P UE S T HR MR RE Y S AL . 7EREE 284 =0.001,y = 0.001 1
M F ,RLS-NMF 7£ Semeion 54 £ I 342 A1 COTL20 £ 45 I 6 4~ R RN & 3 PR &
4.4 WSES R

AT AT S R T RLS-NMF A9 i S5 |, 5 50 38 BT A3 A 808 48 19 e 3 8l - e S8 =
0.001,y=0.001, SZ54r HIWLEE T P ¥BAG R B A5 o8 B L (WS, GUIEY ) SR HBA0E B H AR o6 i
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