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Abstract

In the process of non-negative matrix factorization for clustering, rearranging each grayscale im-
age with size r x c into a sample vector will change the original spatial structure of the image data,
and the objective function directly measures the error between the sample vector and the recon-
struction vector to further ignore the similarity between the original image and the reconstructed
image column. Therefore, in order to reduce the adverse effect of the change of spatial structure of
image data on the clustering effect, a new loss function is proposed to measure the error between
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the original image data and the reconstructed image data column-by-column, and the corresponding
numerical algorithm is derived. Numerical experimental results show that the proposed algorithm
has better clustering performance and stronger image representation ability.
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1. 3l

Lee F1 Seung T 1999 4E#2 H AR FUAE M FE(NMF) [11LASR, NMF B2 72 N T3 2 9 AL es 2 5
YR VRN MEEERRAETTVE, RS R S0 AN B R T AL TR P N AR R AR R TR, R AR
P HAE 1% 07 v B A AR B4 Fon AT AR R [2] . X {H73 NMF 78 A58 [3]. BEiRAI[4]. DNA
BRI FRIL 5 W [B]55 8 2 J AT LA V2 N o ARYE B i AR, AT H T BA R E H bR s 200 NMF
IR R IENG 2 N T R 328, AR K615 HdE 0 HiiE45. C Ding 5Hie L #r T7 NMF
5 K-means BB IERL R[7].

TEEMERIATSH, NMF DUHEFER) Frobenius YEEUE B b5 ok S SAE A KOS 6 R -5 B0 5 I 1R
TCE AR R ZE, BT 1% H bR s o0 e S A S i AR e (8],  HAHE 1R as UG Bt 5 B4 5 i MR
55N 2 B BEAADE &, 2 B AL J (B3 R B o iR s PR A 1) “ kLR ™ J bl C Ding [9]55 i FH 4 B 1)
L, uHUE N B brek g, 42 B 4R (robustness) I L,, NMF, AHECT NMF 1fi 5, L, NMF ¥ H A5
K B2 0 G A EEHE S AR AR ) e b E A S5 PR R 41 [ e 2 TR R 22, BROMAHAC T NMF TS, Ly,
NMF RERS IR SE kG A R o, ABATY IRV 5 i 3] J5 46 MG B8 AN 44 = R I 51 2 TR] PRI B ok
Ao

DAL, A8 E bR ek e 0% P 5 5 4 PG S A A IS MR S 2 TR R R, AT k2D S s s 2
A 4% 1) 5 ¥ P 25 A AR O SR, ARSCRE ST TR L o) BREOFRRHARRIA L, ) NMF 505, i 50E R
5 L, NMF A SRR PR RTINS He BT 5 S5 BR s () e [ 454, Seie s R B L NMF Bkt B
AT EHE RN B I ARG SRR .

JESENE LA s SN TR TR BN L, ) R TRE L NMF BLER)
EARRR R, WA SRS HE R IR PR IT T ] Ly, o) NMF SRR A 2 s 56 DU 4 4 4 Hh Bk A SR 24
o BTN N B R B A AW s S NITRIR T Ly, NMF B30 = o B SR AE =M
PR B RIn s R .
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U.=U J 3
ij ij (UVVT)iJ_ ( )
V. =V (U X)ij (4)

] ij (U TUV )ij
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A EA IR R, B X 95 1 Dot KIE BB R —51. e Q)M G)T A . NMF
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Figure 1. The results of fitting ten data points
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Figure 2. The residual histogram of fitting the data points
E 2 egiEmrREERE
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Figure 3. The base matrix obtained on the Yale dataset
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EELMTU20V 20, HIREEQ, , o\ FEHEHTRNAQT)MA(L8) AR A
NIEER 1, 51N e B e SRR 51 1
E 2 R T BT L

G (Vab Vi ) 2 F (V) (20)
G (V;b Va ) F (V;b ) (21)

TR G (Vg Vi ) f F (v, ) 11— BB
SIFR 1 45 G (vyy Vi ) & F(v,,) IVBIBIEREL, A F(v,, ) 25 F AUSTHRIN R AEAERI:
t+1

Vi =argmin G (v, vy, ) (22)
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UEWT: HE 2 RGIE 1
F (V;;l) =G (V;?:V;b ) <G (V;b ’V;b) =F (V{tab)
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VE: HUF (v, ) 76 VL, A ZE B R
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= - Sia ¥ o ia_
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Vit = arg mmG(vb Vi ) = Vi ooV OA))ab =V 0 (v OA))ab (28)
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Vab

ZAA R EH K (19), #ofiEE 1 AHIE. RIRATIR, X U MIE AR,
6. H{ELL
ANERASHEHIN L, ) NMF FRRAT BRI, IF5 K-means. NMF HIA[2]81 L, NMF 5

YE[9]1VL K GNMF S3£[10] (IE M IS HUR 5 SCHk e e o 10) 3T MG SRR L, sl A b 4 2
Yale. ORL.

6.1. BIBENR

Yale % 15 ™A, BNANFEFRE . BEAEER TR 11 5k NG EG, 165 5kE . SikE A K
/N 32 x 32,

ORL % 40 NN, HANANFRNE . BEMAGE TR 10 5k AGEIE, JL400 5k E, FikER K
/NFy 32 % 32,
6.2. WHIEHR

AL 2R REE(ACC). IH—b BEA5 B(NMDIE RS FeAR[11] [12].

BWRKERE (ACC)E X T -

>, 8(smap(r))

n
For s, RBEA SN ISRRE, ¢ RAEABI IR A BRI, 0 RECRREA RS, 5(xy) i
T

ACC =
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1 x=y
0, x=#y

()=

map (.) A& B HeL 6 % (permutation mapping function), Kuhn-Munkres %72 ] LA 31 B HE L [13] .
it CNESMRBES, C NEERFBIEREERZE, Wi T EAS E(mutual information) g ST :

: , p(c.¢})
MI(C,C )_Cigéecr p(ci,cj)logzm
Horp(c;) A p(c) ) 43R MBS AERE I —ANREA, ZREAJR T ¢ Ml ¢ BTk, 1 p(c.c)
NI F AR RIR I —AMPEA, ZREATAE T ¢ Al c) FT7E2E MBS HESE (joint probability)..
H—HERBNMI)E LT
= wm(cg)
max(H (C),H (C"))

H(C). H(C')7ul& C. C'fffi(entropies). We[o,l], LHESME, MMl =1; FESTE,
T MI=0.

6.3. SHE

ARSI L, o) NMF 5 ZRR 3 5 4 B R E 1R N R e r Ml e[  7ESR30 BTG Yale AT ORL %4
W, BMEARPERR—IK 3217, 2 FINEGEEIE, Xl EEESE Fr=32, c=32,

ACBUE 925635858 Matlab 2016a, 11th Gen Intel(R) Core(TM) i7-11800H @ 2.30GHz 2.30 GHz,
16.00GB 7%, Windows1164 #1245

BB

AP NEHEEPREHLIZE k R4,

IR AEFHEE 1O e B R A 36 e 2R AT 20 AR 3 Vs

B i k-means BN V HHT R,

AP 5 ACC AT NMI AR5 R .

#HE FRDE 15 1K, 1d3%k ACC Fl NMI [P 241E .

Table 1. Experimental results of three algorithms on the Yale dataset
2 1. ZFEATE Yale HIEE LHSKRER
ACC (%) NMI (%)

K-means NMF L,NMF GNMF L, NMF K.means NMF L,NMF GNMF L, ,NMF
71.52 71.52 87.58 72.73 90.91 26.43 18.35 48.91 19.54 57.68
52.93 59.19 60.81 58.59 61.21 23.97 35.65 38.29 32,51 33.17
4591 48.48 49.7 49.24 48.48 26.69 27.05 31.71 27.65 30.59
42.67 49.82 48.24 53.30 49.21 26.74 33.28 33.47 34.53 374
41.21 49.8 46.46 47.47 49.7 31.78 36.62 32.34 37.09 394
44.42 49.18 46.67 47.62 51.69 38.01 40.14 39.54 38.43 43.59
49.17 50.45 49.39 48.11 49.47 47.74 48.13 46.08 45.76 46.34
39.46 39.12 40.94 41.08 45.66 40.68 38.09 38.73 40.68 41.58
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Continued

10 36.12 40.91 41.33 40.61 43.03 36.75 37.73 41.04 38.28 41.59
11 39.61 37.69 42.81 33.88 43.09 42.72 39.35 43.97 35.73 45.47
12 40.25 39.8 41.46 40.15 45.56 43.82 41.57 43.34 41.49 47.66
13 40 40.7 37.76 41.03 42.05 45.68 43.2 41.59 43.39 44.82
14 38.83 39.83 39.96 37.66 40.65 45.78 43.76 44.99 41.83 45.44
15 38.63 39.31 38.55 36.97 42.42 46.64 45.65 44.21 44.86 47.25
Avg. 44.33 46.84 47.97 46.31 50.22 37.38 37.75 40.58 37.26 42.99

Table 2. Experimental results of the three algorithms on the ORL dataset

2. ZMEATE ORL HIBE LML R

ACC (%) NMI (%)
k  K-means NMF L,NMF GNMF L, ,NMF K.means NMF L, ,NMF GNMF L, NMF

14 55.48 61.9 63.25 57.86 71.05 69.19 73.93 75.17 72.42 80.29
16 53.75 62.87 67.33 62.71 63.25 70.84 76.56 79.23 77.57 76.37
18 57.67 63.78 65.37 64.07 67.3 74.91 78.32 77.78 78.78 80.05
20 54.57 64.7 63.97 64.67 65.67 71.53 78.51 78.31 77.25 81.06
22 56.06 63 63.88 63.64 65.79 73.4 78.51 79.2 78.66 80.18
24 55.11 61.03 62.31 59.03 61.28 73.08 76.99 76.88 75.69 77.09
26 55.33 60.15 61.69 60.38 62.18 73.91 76.76 77.88 75.80 79.1
28 56.76 63.45 62.05 60.71 62.67 76.14 78.82 77.59 771.74 78.58
30 52.02 56.27 57.16 57.56 60.29 72.17 75.2 76.06 76.95 77.91
32 51.73 56.71 57.04 54.90 58.67 72.63 76.28 76 74.99 76.71
34 51.04 56.31 58.53 54.41 62.63 72.65 75.97 77.07 75.28 79.44
36 51.7 57.81 55.65 57.87 56.65 73.44 77.56 76.19 77.70 76.71
38 52.75 59.02 58.84 61.93 61.18 74.62 78.84 78.49 79.80 80.37
40 50.12 55.55 56.15 55.67 58.45 73.6 75.53 75.9 75.76 77.34
Avg. 53.86 60.18 60.94 59.67 62.64 73.00 76.98 77.26 76.74 78.65

7. &g

ARSCE ST A Bk FHOBUS A6 B IR 2 [ 25 M G L, ) BREORS HARZAY L, o NMFBIE, 4
iR I A o R AT B I (robustness) & HL, BB HER AR FRRSLIBLERATE N, L, NMF
BT R s BB 454, FEX T K-means. NMF SR L,, NMF 575 L& GNMF 5311 & 72 AC
FUNMI FEb7 N HA LR SREMERE, SEgeas R IR 1. % 2. DL EUESE 7 A SCRE A Rt
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