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Abstract Non-negative matrix factorization (NMF) is a newly popular method for non-negative dimensionality reduc-

tion, feature extraction, data mining, etc. The mathematical model in NMF definition is based on nonlinear projection,
therefore dimension reduction by NMF is implemented by iterative updates which lead to high computational load. Ad-
ditionally, NMF features extracted by this model are usually not very sparse, and this fails to meet the expectation of
designing NMF'. To simultaneously resolve the above two problems, this paper proposes a new model, linear projection-
based NMF (LPBNMF), and designs an monotonic algorithm for it. From mathematical point of view, LPBNMF is a
special mode for implementing NMF, which linearly implements dimension reduction. The high sparseness of LPBNMF
features is assured by the inherent characteristics of its mathematic model. The comparison experiments validate that
dimension reduction by LPBNMF is much more efficient than that by NMF, and that LPBNMF features are much more
sparse and localized than NMF ones. Finally, experiments based on AR face database indicate that LPBNMF features
are more suitable for nearest neighbor classification-based occluded face recognition than NMF, LDA, and PCA ones.

Key words Non-negative matrix factorization (NMF), linear projection-based NMF (LPBNMF), feature extraction,

data representation, efficiency of dimensionality reduction, sparse feature, occluded face recognition
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Fig.2 The iterative curve of processing all 400 images of ORL database by P-NMF algorithm (L = 80)
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Fig.3 The iterative curve of processing all 400 images of ORL database by LPBNMF algorithm (L = 80)
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Table 2 Comparison of computational loads of dimensionality reduction between LPBNMF and NMF
B b 3 ik Fe2 ke 4EmF v SERERT (s)
[EES k=20 k=40 k=60 k=80 k=100 k=120 k=140 k=160 k=180 k=200
LPBNMF 0.005 0.0068 0.0072 0.0075 0.0085 0.0119 0.0125 0.0136 0.0148 0.017
F‘a NMF 0.8904 2.7124 7.9432 12.6781 14.2605 18.5714 25.7311 29.3181 39.5891 49.3811
LPBNMF 0.0057 0.0065 0.0066 0.0079 0.0083 0.012 0.0133 0.0135 0.0147 0.0158
NMF 1.0201 2.8617 7.9911 11.8712 13.872 18.2179 23.6676 30.6902 38.0799 43.9134
. LPBNMF 0.0056 0.0071 0.0073 0.0078 0.0086 0.0121 0.0132 0.0138 0.0137 0.0159
-
f=s
3 NMF 0.7034 2.4151 6.0356 9.1215 11.1235 15.1315 22.2251 30.4177 33.7389 45.2733
LPBNMF 0.008 0.0064 0.007 0.0072 0.0086 0.0117 0.0133 0.0135 0.0131 0.0156
= NMF 0.8415 2.3334 7.5893 9.7237 12.7782 17.9596 24.8947 35.1049 33.6579 48.2156
LPBNMF 0.0057 0.0067 0.007 0.0074 0.0087 0.0113 0.0127 0.0133 0.0139 0.0161
a NMF 0.8222 2.3532 7.9201 9.788 13.9182 17.6892 26.4126 34.2119 39.4444 49.6071
LPBNMF 0.0056 0.0067 0.007 0.007 0.0087 0.0116 0.0128 0.0132 0.0116 0.0158
NMF 0.8019 2.5696 7.1564 10.8508 11.6862 16.3642 26.1722 32.2577 40.1346 51.5443
LPBNMF 0.0056 0.0064 0.0064 0.0068 0.0087 0.0116 0.013 0.0134 0.0142 0.0157
NMF 0.8488 2.809 7.294 12.4735 12.1533 21.6051 29.4304 29.9614 39.3462 48.5454
LPBNMF 0.0056 0.0067 0.0067 0.0069 0.0088 0.0115 0.0126 0.0133 0.0143 0.0155
@ NMF 0.8745 2.5462 8.6122 13.2749 11.3076 16.3672 24.551 28.7593 35.2532 45.3644
LPBNMF 0.0056 0.0065 0.007 0.0071 0.0088 0.0115 0.0126 0.0134 0.0144 0.0156
-
X NMF 0.6875 2.6951 5.0178 8.505 10.7513 21.1786 21.2424 25.5285 37.2458 41.6976
LPBNMF 0.0056 0.0065 0.0073 0.0078 0.0088 0.0116 0.0123 0.0132 0.0149 0.0157
a NMF 0.9712 3.6955 5.4385 9.6921 12.5069 19.0481 25.8863 37.0015 41.6306 48.3634
PR LPBNMF 0.0058 0.0066 0.0069 0.0073 0.0087 0.0117 0.0128 0.0134 0.014 0.0159
HEFEIS NMF 0.8461 2.6991 7.0684 10.7979 12.5348 18.2311 22.3801 31.3251 37.8121 47.1906
TRIERSET (5 145 408 1023 1478 1428 1555 1747 2336 2700 2967
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(a) LPBNMF, L — 64, Fi#i/ie % 0.8379 (b) LPBNMF, L = 100, Fisfi/ii % 0.8750 (c) LPBNMF, L — 144, i/ % 0.9042
(a) LPBNMF, L = 64, sparseness (b) LPBNMF, L = 100, sparseness (c) LPBNMF, L = 144, sparseness
degree is 0.8379 degree is 0.8750 degree is 0.9042

(d) NMF, L = 64, Figi/ih 0.4023 (e) NMF, L = 100, #i#ifEh 0.4535 (f) NMF, L = 144, g4 0.4519

(d) NMF, L = 64, sparseness (e) NMF, L = 100, sparseness (f) NMF, L = 144, sparseness
degree is 0.4023 degree is 0.4535 degree is 0.4519

Kl4 LPBNMF Hil NMF [F4RHAERERTE L (F5 T ORL FEM4 400 I8 &)
Fig.4 Comparison of the sparseness of features between LPBNMF and NMF
(based on all 400 images of ORL database)

(a) LPBNMF, L = 64, ##i/% % 0.8563 (b) LPBNMF, L = 100, #i#i/% % 0.8860 (c) LPBNMF, L = 144, /% 0.9098
(a) LPBNMF, L = 64, sparseness (b) LPBNMF, L = 100, sparseness (¢) LPBNMF, L = 144, sparseness
degree is 0.8563 degree is 0.8860 degree is 0.9098

’T" 5 a¢ 7
= I 2 ey -
(d) NMF, L = 64, Fgi/E % 0.4778 (e) NMF, L = 100, fii/ % 0.5014 (f) NMF, L = 144, Fii % 0.5214
(d) NMF, L = 64, sparseness (e) NMF, L = 100, sparseness (f) NMF, L = 144, sparseness
degree is 0.4778 degree is 0.5014 degree is 0.521

K5 LPBNMF fil NMF [HHERERE LR (JE5F AR FEH 118 AR 8 TRICHEERSFIR 210 )
Fig.5 Comparison of the sparseness of features between LPBNMF and NMF (based on 118 objects’ 944 images

(8 images of each object) without occlusions and expressional variations in AR database)
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Fig.6 Orthogonal degree of features in the iterative implementation of LPBNMF and NMF

(based on all 400 images of ORL database)
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Fig.7 Orthogonal degree of features in the iterative implementation of LPBNMF and NMF (based on 118 objects’ 944

images (8 images of each object) without occlusions and expressional variations in AR database)

8 AR Hufla % N K &G 151
Fig.8 Examples of face images in AR database



36 H ]| 24

¥ {1

36 &

5.3 HIEEARIRR

R FE 5 R J) 3 A DR ALE 7T AT A0 o) e 2
SRR BRI I AN SR, TR DA 3 I 43 R X
SR MAT R AR BEE R B, 4, W HES LPB-
NMF RAEAE 53 T A BEA7 4 AT PR3 1)
A/NVERI BT AR B R 10 S 50] AT 50 E

AR HE e AL 76 44 I ERT 60 44 oA
g, Hoh 118 A& A7 Wil 8 Frus i 26 Ma 4.
Kl 8 MG oy BN WAL, AT AE BN ) R B A
P, AR AR 13 i G A BRI 73 0k
IEHRE + BRI 5 + ERL B+ F
WL, BN + IR EE RN + A5k,
IEHARNS + s, IEH RN + A4 M5EE, IR”
AR + IEE G IR RS + AR | R
P4+ ZEMU5EOG . BERRIERS + 1EH DG BER IR +
AR AR R + e s,

APNTA X 118 NEHGEEAT T %%, X
118 AH, A AP 2H IR A A e 14 B4 3 118 < 6 M
8 — 2 R, B N P M e e 4 P53 118
x 6 WEAE A o — IR DR TR IR 3 s
BORERII 6 Wi BB 2255 2 A MR D6 R AR BL K
PO I () A8 4, Ay SR HH I 2 15 0 R R
PERE, 5059 ' AR AL N9 4 IR 1) A2 Ak 45 PR3 3 R 1
SR, BT DAAE I 25 AR L S X P R L B4,
X 118 NMEE AL IE S &0 + IEH Gl B R
& + A MBESERNE R R4 + ZAssonEBIL 118
x 6 WE1EA KA.

A0 95 o AR A 4 TR 3 R R i,
A Y 5 PRI P47 43 Bl JRORIDGS LU 52 b £,
Sy PO HRNS L FEAMESIXREREAT: 1) R A 45 5
I3 9 By 2) BUEBAME S KR IIIIME em FibRvE
72 estd; 3) BHOR B GIIIIE m FbRAEZE std;
4) BYKIE I — em + (I}, — m) x estd/std EA>
SR, FEEATAME IR (1 1 %
N NIREUR IS & s o 4758 5 SImfrE g
{8, k€ {1,2,---,9}). B BRI M,
T AN SR FH X 8 s P A5 147 016 HERTRT LG B M2 (BRI 7
SESH I NPy SIS b EEL//ESE S s S s PN A LD
IR BERRNZUZE S “H 9906 FAR AL T4k 354 ok 1) 471
T 5% .

Ay 3 ok 6t b ¥ D7 30 E U W] LPBNME 5 AiE
0 Ak B AT RO U e B ¥ P e, NMF
fit. LDA (Fisherface) ##fE*3 L) J PCA (Eigen-
face) 5 HEM 73X HLAE ) LPBNME $EAE (156 Lt
%.

IR I PRV RFAE 58 ZR BT BC R H d5 3 A%,
FE 6 oy BTk T B R K B A Sy S A
(fafic by L)), BT WL S B 28 (1 R 0 40 43 S5

(faiic o L2)M1, F1-3e g £y FE I B A8 40 28 (fi
0 0)H) LUK FRUELL T/ L1 L2 A1 6, 43 53lid
NL1. NL2 1 N6. FiRFrifEfb s 48 ILRcts, 75
R B 1T A VS T Se i R 5 5 RES i T 2-
OO — T A B B ARV G, ol dn, Bk {hy,
J=1,2,-- N} HINZEMEG IR IERGE R4 H—
I BB ER R 28 {Nh,, j = 1,2,--- N}
4

hi

j
Y
N
2
h2,
j=1

SRI, X T RN B B R i B8 R 8 hiest ) A
—"T’tgjn:% Nhtest y‘j

Nhij —

Vi, g (44)

test
hi
N

2
> hi;
Jj=1

BT RIRR s wE, B9 R 10 254
T LPBNMF. NMF. LDA (Fisherface) il PCA
(Eigenface) VG HC i LI 46 73 2 d I O R A 44 A
JI: VR 2 fi ARG S A 4 N U 1k e 5T LPB-
NMF. NMF i1 PCA [ S5 PR B 4E 50k 20, 25,
<o+, 200 HEfi 37 41 MR LDA H B %5 AL SR
1 B 4500 DI RAE AR ek 1141 B 117 4 LT
LDA FSZiARIR R 4E5Ch 21, 24, -+, 117 $L45 33
. K9, AN R iR AR O P RE R 1 22
(i G TR 3587 (1830 PR o K A A [ vk e AR U 12
i) 1) 22 e e B BN I R), HBoR B Z s+ 60 %
(s 25 B B9 MK 10 o, Toiesy i 7e iR
LS EWE S, T LPBNME 118 51 25 5 ) 32t 47
FHTF NMF. LDA LUK PCA [RHIRCR. HAxk
P, HE ARSI, 2T LPBNMF 7V RS0 IH ) %
Z /b H A 7 R R B LR R = 4 N T A R
SIS, 55T LPBNMF J5 i i A iR ) % 52 /bt
FoAh T e LR 2 7 AN E e B8 R, SE
G P 5 1% 8 S50 2088 4 3 L 2 e K AR S Y [, A
I 7 K8 st 25 Raa vl B — Jy i, Joie Xt
WS — b 7 v oRe 3t 0  JE  k 71 E TRL AE RRAfE; )
—Jy 1, MRS, HE T LPBNMEF (7 5 Hoth
TP E R TE Y (e TR 6 (] 1 22 S oK)

6 it

ek 4 2R AR I AR A R PR 22 2 T NMIF i
B Ak BRI 38 2 (1 A 1), X PR NME (5
RIVEH, #1207 NMF NABESTRIARE. - JF Al ik

Nhlest 7 (45)

i



1 ZRIRAE HET LR ROY S5 1) AR S R o i 37
ot %
90
88 . DN Y W S
86 000000000 ©

84 *
(9] x I,, \“ (*J
M. 80 ‘/‘l I"‘\ ‘4. \| 1*‘
78 -~ f' ¥ | e
oR [}
= 76 ¥ \ /
74
72
70 —— LPBNMF+L1
68 -——#-—— NMF+NLI
2461 1/ A A — #-—- LDA+L2
ol /& e -©-—- PCA+LI
60 L L L L 1
20 40 60 80 100 120 140 160 180 200
LR e
K9 LPBNMF. NMF. LDA fl PCA VCECEALUT AR5 S 4% I AR NR F B34 A MG R0 1

Fig.9 The best nearest neighbor classification-ba
using LPBNMF,

80 %
75

70

sed recognition of faces with an occlusion in eyes while
NMF, LDA and PCA

o\, P Sy
63 O 2_,@" OO o000
60
H
= 55
=
=50
45
40
35 ——LPBNMF+L1
——#-NMF+NLI1
3097 —4-LDA+L2
25 8- PCA+L1
2 ™ 1 L 1 1 1 1
020 40 60 80 100 120 140 160 180 200
FRIE 4k
/10 LPBNMEF. NMF. LDA fil PCA VG & AT 4R 55 g I o 8 3 32 NG 2 e

Fig.10 The best nearest neighbor classification-based recognition of faces with an occlusion in mouth while
using LPBNMF, NMF, LDA, and PCA

XPHAS ) B, AR T — AN H LA — LPB-
NMF, #i& T —A ¥ i) LPBNMF $3%, 1FE T

ﬁtﬁ?ﬂ%ﬁ*/mm&%
BRI Hr IS B 45 R 5 oR: 1) LPBNMF
B 4 2 %3 7 T NMF; 2) LPBNMF $R4E B &t

NMF 5k S8 A i A= 4k 3) LPBNMEF 4F4iE LE
NMF FFIE LDA $#AE L& PCA F1E & & T H
UL 4R 53 A0 AT S N PR30 i L

References

1 Lee D D, Seung H S. Learning the parts of objects by
non-negative matrix factorization. Nature, 1999, 401(6755):
788—"791

2 Palmer S E. Hierarchial structure in perceptual representa-

tion. Cognitive Psychology, 1977, 9(4): 441—474

Wachsmuth E; Oram M W, Perrett D I. Recognition of ob-
jects and their component parts: responses of single units in

the temporal cortex of the macaque. Cerebral Cortex, 1994,
4(5): 509—522

Logothetis N K, Sheinberg D L. Visual object recognition.
Annual Review of Neuroscience, 1996, 19(1): 577—621

Lee D D, Seung H S. Algorithms for non-negative matrix
factorization. In: Proceedings of the Conference on Neu-
ral Information Processing Systems. Cambridge, USA: MIT
Press, 2000. 556—562

Wild S, Curry J, Dougherty A. Improving non-negative ma-
trix factorizations through structured initialization. Pattern
Recognition, 2004, 37(11): 2217—2232



38

H Z) e

¥ {1

36 &

10

11

12

13

14

15

16

17

18

19

Cichocki A, Amari S, Zdunek R, Kompass R, Hori G, He
Z H. Extended SMART algorithms for non-negative ma-
trix factorization. In: Proceedings of the 8th International
Conference on Artificial Intelligence and Soft Computing.
Zakopane, Poland: Springer, 2006. 548—562

Heiler M, Schnorr C. Learning sparse representations by
non-negative matrix factorization and sequential cone pro-
gramming. Journal of Machine Learning Research, 2006,
7(7): 1385—1407

Chen Wei-Gang, Qi Fei-Hu. Learning NMF representation
using a hybrid method combining feasible direction algo-
rithm and simulated annealing. Acta Electronica Sinica,
2003, 31(z1): 2190—2193

(BRI, BKpE. ATAT 5 WS S AR K & 45 ) NMF ARSI
J7iE. AR, 2003, 31 (z1): 2190—2193)

Li L, Zhang Y J. FastNMF": highly efficient monotonic fixed-
point non-negative matrix factorization algorithm with good
applicability. Journal of Electronic Imaging, 2009, 18(3):
033004

Kompass R. A generalized divergence measure for nonnega-
tive matrix factorization. Neural Computation, 2007, 19(3):
780—791

Cichocki A, Zdunek R, Amari S. Csiszar’s divergences for
non-negative matrix factorization: family of new algorithms.
In: Proceedings of the 6th International Conference on Inde-
pendent Component Analysis and Blind Signal Separation.
Charleston, USA: Springer, 2006. 32—39

Zdunek R, Cichocki A. Non-negative matrix factorization
with quasi-Newton optimization. Proceedings of the Inter-
national Conference on Artificial Intelligence and Soft Com-
puting. Zakopane, Poland: Springer, 2006. 870—879

Dhillon I S, Sra S. Generalized nonnegative matrix ap-
proximations with Bregman divergences. In: Proceedings of
the Conference on Neural Information Processing Systems.
Cambridge, USA: MIT Press, 2005. 283—290

Li Le, Zhang Yu-Jin. Survey on algorithms of non-negative
matrix factorization. Acta Electronica Sinica, 2008, 36(4):
737743
(05, S, AR R SR LA, TR, 2008, 36(4):
737—743)

Shahnaz F, Berry M W, Pauca V P, Plemmons R J.
Document clustering using nonnegative matrix factoriza-
tion. Information Processing and Management, 2006, 42(2):
373—-386

Liu W X, Zheng N N, You Q B. Non-negative matrix factor-
ization and its applications in pattern recognition. Chinese
Science Bulletin, 2006, 51(1): 7—18

Ouhsain M, Hamza A B. Image watermarking scheme us-
ing nonnegative matrix factorization and wavelet transform.
Expert Systems with Applications, 2009, 36(2): 2123—2129

Wang Feng. Research of Face Detection Technology Based
on Skin Color and Non-negative Matrix Factorization [Mas-
ter dissertation], Huaqgiao University, China, 2006

(EF. BTG AR SR B i 5 A B AR BT [f - 27
Prig 3], HefFR%:, T, 2006)

20

21

22

23

24

25

26

27

28

29

30

31

32

Guillamet D, Vitria J. Non-negative matrix factorization for
face recognition. In: Proceedings of the 5th Catalonian Con-
ference on AI: Topics in Artificial Intelligence. Castellon,
Spain: Springer, 2002. 336—344

Liang D, Yang J, Chang Y C. Relevance feedback based on
non-negative matrix factorisation for image retrieval. IEE
Proceedings on Vision, Image and Signal Processing, 2006,
153(4): 436—444

Liang Dong, Yang Jie, Lu Jin-Jun, Chang Yu-Chou. The
latent semantic image retrieval based on non-negative ma-
trix factorization. Journal of Shanghai Jiaotong University,
2006, 40(5): 787—791

CRME, M7, bR, W W JE ARSI 2 AR i LA
K. WA KR, 2006, 40(5): 787—T791)

Kopriva I, Nuzillard D. Non-negative matrix factorization
approach to blind image deconvolution. In: Proceedings
of the 6th International Conference on Independent Com-
ponent Analysis and Blind Signal Separation. Charleston,
USA: Springer, 2006. 966—973

Stouten V, Demuynck K, van Hamme H. Automatically
learning the units of speech by non-negative matrix fac-
torisation. In: Proceedings of European Conference on
Speech Communication and Technology. Antwerp, Belgium:
Springer, 2007. 1937—1940

Stouten V, Demuynck K, van Hamme H. Discovering phone
patterns in spoken utterances by non-negative matrix fac-
torization. IEEE Signal Processing Letters, 2008, 15(1):
131-134

Cho Y C, Choi S, Bang S Y. Non-negative component parts
of sound for classification. In: Proceedings of the 3rd IEEE
International Symposium on Signal Processing and Infor-
mation Technology. Washington D. C., USA: IEEE, 2003.
633—636

Holzapfel A, Stylianou Y. Musical genre classification us-
ing nonnegative matrix factorization-based features. IEEE
Transactions on Audio, Speech, and Language Processing,
2008, 16(2): 424—434

Benetos E, Kotti M, Kotropoulos C. Musical instrument
classification using non-negative matrix factorization algo-
rithms and subset feature selection. In: Proceedings of IEEE
International Conference on Acoustics, Speech and Signal
Processing. Washington D. C., USA: IEEE, 2006. 14—19

Guan X H, Wang W, Zhang X L. Fast intrusion detection
based on a non-negative matrix factorization model. Journal
of Network and Computer Applications, 2009, 32(1): 31—44

Frigyesi A, Hoglund M. Non-negative matrix factorization
for the analysis of complex gene expression data: identifica-
tion of clinically relevant tumor subtypes. Cancer Informat-
ics, 2008, 6: 275—292

Kim H, Park H. Cancer class discovery using non-negative
matrix factorization based on alternating non-negativity-
constrained least squares. In: Proceedings of the 3rd Inter-
national Symposium on Bioinformatics Research and Appli-
cations. Atlanta, USA: Springer, 2007. 477—487

AT and T Research Laboratory. ORL face database [On-
line], available: http://www.cl.cam.ac.uk/Research/DTG/
archive/facedatabase.html, May 8, 2009



1] PIRGE: He T AN BB AR B AR TR i 39

33

34

35

36

37

38

39

40

41

Donoho D, Stodden V. When does non-negative matrix fac-
torization give a correct decomposition into parts? In: Pro-
ceedings of the Conference on Neural Information Process-
ing Systems. Cambridge, USA: MIT Press, 2004. 1141—1148

Martinez A, Benavente R. The AR Face Database, Techni-
cal Report #24, Purdue University, USA, 1998

Ding C, Li T, Peng W, Park H. Orthogonal nonnegative ma-
trix tri-factorization for clustering. In: Proceedings of the
12th ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining. Philadelphia, USA: ACM,
2006. 126—135

Writing Group of Handbook of Mathematics. Handbook of
Mathematics. Beijing: Higher Education Press, 1979
(UL SRSl KOET. Jbst: S5 5 L, 1979)

Xu Sen-Lin, Xue Chun-Hua. Mathematical Analysis (Vol-
ume 2). Beijing: Tsinghua University Press, 2006

(PRARAR, BEZRAE. o b (58 ). deat: 35 K WAL,
2006)

Chen Bao-Lin. Theories and Algorithms of Optimization.
Beijing: Tsinghua University Press, 1989
(BRek. A B 5 5E. dbat: R ML, 1989)

Bertsekas D P. Nonlinear Programming (Second Edition).
Massachusetts: Athena Scientific, 1999

Luenberger D G. Introduction to Linear and Nonlinear
Programming. Massachusettes: Addison-Wesley Publica-
tion Company, 1973

Yuan Z J, Oja E. Projective nonnegative matrix factor-
ization for image compression and feature extraction. In:
Proceedings of the 14th Scandinavian Conference on Image
Analysis. Joensuu, Finland: Springer, 2005. 333—342

42 Hoyer P O. Non-negative matrix factorization with sparse-

ness constraints. Journal of Machine Learning Research,
2004, 5(9): 1457—1469

43 Martinez A M, Kak A C. PCA versus LDA. IEEE Trans-

actions on Pattern Analysis and Machine Intelligence, 2001,
23(2): 228—233

44 Turk M, Petland A. Eignenfaces for recognition. Journal of

Cognitive Neuroscience, 1991, 3(1): 71—86

45 Bian Zhao-Qi, Zhang Xue-Gong. Pattern Recognition. Bei-

jing: Tsinghua University Press, 2000
(L%Ed, gk T BEECUUN). Jbat: WAL, 2000)

R OUHI, W EEPROT AR
GRS AR SRR AR 23 A S B AT AE
Bl LR N, ARSCREEE.
E-mail: lile05@mails.tsinghua.edu.cn
(LI Le Lecturer and Ph.D. at Ts-
inghua University. His research inter-
est covers nonnegative matrix factoriza-
tion, nonnegative matrix-set factoriza-

tion and their applications on image engineering. Corre-
sponding author of this paper.)

BERE A EEOUT RN ER L
Y IPSE2ER

E-mail: zhangyj@ee.tsinghua.edu.cn
(ZHANG Yu-Jin
inghua University. His research interest

Professor at Ts-

covers image engineering and related
subjects.)



