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Table 1

Manhattan non—negative matrix factorization algorithm

Algorithm 1 WNMF

Input; Ve R™" M e R™”" , W e R™ H™ A ,iter
Output; V. e R™" W e R™ H™"

1) Calculate S and Q by(4)

2)for k=1 to iter do

3) V=LAD(M,S,W,H,\)

4) W = AG(V" H" ,W" 10)

5) H = VG(V,W,H,10)
6) end for

7) V= WH

8) return V, W, H

9) function LAD(M,S,W ,H,\)
10) R = {WH,M|

1) 0, = A (M~-WH) @S|

12) 0, = [[M -WH|
13) i = argmin, . ,{0;! ,wherei = 1,2

14) V = R,

21) w* = medi{l, - 1,

15) return V

16) end function

17) function AG(V , W H A)
18)Z, = H

19) for k = 0 to 10 do

1 -
20)L, = T” W]W” 2

WH -V,
2 i

22) VF, = Wip*

1
23) Y = max(H —L—VF,O)

A
1 &+l

24) Z = max(Z, _Zi:o 2 VF, ,0)
2 E+1
25) H=—FZ + Y
kE+3 kE+3

26) end for
27) return H
28) end function




Wi et WV, 45 i T A 5 M A SR it ) PR AE RAN SR 1.

350 TAO Yingyin,et al.Image recovery and clustering approach based on weighted Manhattan non-negative matrix factorization.

ORL ( Olivetti Research Laboratory) A i %4 45 4
Je L [E GIHF Olivetti SE528 M 1992 4E 5] 1994 4E4714%
F MG, Horp, — 3545 40 AN [R) 1 S91)  Fof e An 4
BRI AR RA 10 BRIR R 92x 112 [ JK B
BG40 75 Fn R A B AN TR, L i R 5 P HR
MR KEAK AL AN LS
N RO 85 A SO R BSR4l 32x32 B R
T2 AT LI ORL $idln B2 AR R YOk FoR AT
B UEAR SCHR I 1A AV R 1, FRATTRE T A 1 I
BASIARER 7S | RIBEAL A% LB (10%,15% ,20%
25% ) MU — ¥R EUSE A 0 B8 255.

T NS R A AN AT 4 A
FEbRR UL & A S TE BB B S SRR 1Y A Rk,
XA AR 70 T3] 2 6 115 MG L 0 2R SRS o 32 I (.
EME L LT

Epnq = 20log 2255 , (21)
|V -M| /(1024 x400)

Horr, MO GRS Y5 (AR T V = WH A&
S A P RS B 5 ST

ilsui,map(l,-))

E, =

-
a. 159 LB 10%

e ol o

c. 151 4920%

Horpr) e R0 L 43 SIS R R T30 43 2 bR e i A
SAEARE R x =y IRA S(x,y) = 1, BN §(x,
y) = 0;map BRECH B 2bRic 5 i 43 2 AR i 19
et PR

AL S AN TF :m =1 024,r = 40,n =
400, = 100, iter = 500.

3.1 EBiEE

B 1250 T 5 ARG MR o i R i R B R
B, 32 2 O T 5 G B0 A I 5 08 5 00 A 1
B M LL .l AT P 1 e 2, AT A R 4538

1) WNMF Fi CauchyNMF X Bl £k i 75 - AR AR H
HRURR, HARTETETOIE DA A AR 8 75 1) ORL 4 48
1S BT M B BB

2) WNMF 1 CauchyNMF ELA B4 146 2 3% 51
DL R 88 v 1 W A A M Lk, X R WNMEF A
CauchyNMF A LIS 350/ N i AH X5 22 (.

3) Bl 5 G A, WNME AT SR 33 Fe v 110
WA {5 e LY, T CauchyNME f 6 {8 15 4 1 20 T
R, X ULHH CauchyNMF JGiAb BE Y5 Y Ho A9 448 i B AR

SR,

d. 59 LeAi 2 25%

Bl 1 RIS Y H B R f R MG SR R 8 B EHE (a—d 26 1 AT RN RITS e LU T AR EE R,
o5 2—45 6 114392 B WNMF, NMF, HCNMF , RNMF Fl CauchyNMF &5 5 91814 )

Fig. 1

Recovered images and sample images under different corrupted percentages (a—d the first row is

sample images under the corrupted percentage p=10% ,15% ,20% and 25% ,and the last five rows are
recovered images by WNMF ,NMF , HCNMF ,RNMF and CauchyNMF')
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Table 2  Peak signal to noise ratios in different

contaminated percentages

VY B/ %  WNMF NMF ~ HCNMF  RNMF CauchyNMF
10 24.80  21.11  21.09  23.49 23.08
15 24,72 19.77  19.88  22.57 23.21
20 24.60  18.71 18.93  21.47 23.29
25 24. 48 17.89  18.16  20.45 23. 47
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Fig. 2 Accuracies obtained by five algorithms in different

contaminated percentages (from 10% to 90% )
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Abstract Traditional robust non-negative matrix factorization methods cannot achieve robust low-dimensional fea-
tures while the data is heavily contaminated by Salt and Pepper noise.To address this issue, this paper proposes a
more robust weighted Manhattan non-negative matrix factorization to recover the contaminated data and obtain robust
part-based representations.Our proposed model can be formulated as a non-convex and non-smooth problem,which
can be solved by the accelerated gradient method and the rank-one-residual-iteration method. Experiments on the
ORL face dataset contaminated by Salt and Pepper noise demonstrate that our proposed algorithm is more effective
and robust in image recovery and feature representation learning.

Key words Manhattan non-negative matrix factorization ;robustness ; convex optimization ;dimensional reduction



