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Abstract The high dimensional data with complex and heterogeneous distribution can be seen
everywhere in the era of big data, and it is a hot topic in the field of machine vision and pattern
recognition to efficiently and accurately excavate the spatial structure and segment the subspace
cluster. Low Rank Representation (LRR), as one of the most well-known clustering methods,
has recently received much more attentions in subspace clustering and visual segmentation due to
its high efficacy and strong robustness in exploring low dimensional latent structures of input
samples. For a specific set of collected dictionary corrupted with various kinds of errors, the main
purpose of LRR is to learn an intrinsic rank representation of all samples jointly. The performance of
LRR based clustering approaches heavily depends on learned affinity matrices, which are usually
constructed either directly from the raw data or from their computed representation coefficients.

However, these methods may not guarantee an overall optimum since data representation and
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similarity measurement are often conducted in two independent steps. To improve LRR with this
regard, in this paper we propose a new LRR based clustering method, namely Data Representation
Clustering (DRC), for practical subspace segmentation problems. DRC embraces three characteristics
for precisely learning of affinity matrix. First, along with some deep surveys of related literatures,
our model relies on the general framework of data representation with smooth regularization such
as Frobenius norm retained but with non-smooth regularization such as sparse or non-negative
constraints eliminated for fast implementation. Second, different from the existing LRR based
methods, both of the raw data and the iteratively updated coefficient vectors are adopted for
adaptively learning the similarity measurement (or Laplacian matrix) to form a block diagonal
affinity matrix in noiseless data. Moreover, we fit this structure learning into the general low
rank representation formulation for simultaneously optimization of coefficients matrix and affinity
matrix. Finally, an explicit low rank constraint is further imposed on the Laplacian matrix of the
corresponding affinity matrix, which leads to an exact cluster structure of connected components
not only in the clear environment but also in the noisy setting. Aiming for the newly and deliberately
proposed model, an efficient algorithm is derived to iteratively update the undetermined variables
of our proposed method following up the alternate direction multiplier method (ADMM), and
then the theoretical analysis of convergence and complexity are also given. We conduct several
experiments on synthetic data to reveal the visual quality and anti-noise capability for clustering of
our proposed method, and on real data to demonstrate the superior practical performance of our
method over the state-of-the-art alternatives. The experimental results demonstrate that DRC
not only achieves better performance for clustering in the indicator of accuracy and normalized
mutual information, but also obtains strong competitiveness in model selection and computational
efficiency. Furthermore, three reduced versions of our proposed method, such as DRC without
similarity matrix, DRC without coefficients matrix and DRC with these two terms optimized
independently, prove the effectiveness of our jointly update of affinity matrix and coefficients
matrix.

Keywords affinity matrix; low-rank representation; spectral clustering; Laplacian regularizer;

Normalized mutual information
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A IBCAEL X B30 19 3 2 P B 2 T A58 K 1T AR 22 2 B
RPN SR E S 5 N g1 B = TIPS N PO
ST 73 B IT 4 B AR St A 2 3 TR RE A K b £
FHEE R HET M. AT 45 DRC B3k kA Al
Yy AR S Ty B AR JE 2R HE 5 5T I Aok S
DTS a e B4 50 HUH.

B 2 C15) AT, AR BL 1) it s, A 22 A0 0 3 0 e IR
TARIREL b € (0.7 DL SR TE WAL 250 v, >0 T
FE. AR s s ou R AR BNNEF L B

w1 =~ w

4.1

k
‘ (27— kg +. 8 ) /2ky, >0 1
31k>0 I j=1
‘ <Of$ \ -(18)
Sivk4+1> (Zy].f/eg,»_k f1 —|—E gij >/2/€)’i gOJ
j=1
A AT H S H ) SR Y
k

1 < k 1<
7gik_72gfj<yi£7gi.k+l_72glj (19)
2 2 & 2 2 &

TR 5 I 7= (kgowir — >80 ) /25

DR B s, R R & AN SBIE, HoAR TR A% U s,
B AR (15) Jh
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5 = Sir+17 & (20)

kgi./cﬂ*z;g,j

BIAE s (358 v RO B 30 22 80 s (0 I, >R T R 4
(SRS EL ke AT S A AR B, T & (BB A WA 1)
WP S — e BUE A 3~ 18 ALK, i Ak T AR
L SR i ok A L B v (O OO A

M 3.1 a 4, tr (F'L, F) 24y F rank(L,) =
n—c, RAEFUAE B S A DL A it B2 b, lnge i H A5
LOOHFW e (FTLF) T 0 BRI A,
MIATAR 5] c MEEELE R S B iE 47 50080 70 7K.
AT AE S B AT T X S50 A A E AT A 8

1 A SOR AT IR AE Iy A= D, o AE B AR 433

c c+1
HEE v =200, (LO Al v, = > 0, (L) 5 v KF
i=1 i=1

e Bf (ALBE e=Tle— 11 A A =2x"", ffif§
Tr(F'LLF)¥EHET 0;R2Z. Y v <<e S 27 =
N2, s> Lo R 2 A HR RS
DRC WS 2614852 - i & vi<<e H v >e B, UL W]
AR MRG0 B ¢ BRA 25 0 Bk AR A5 o, S 7T
BB S ORI
4.2 HESW

MR 4. 155G AHRUEBE S FEfb i BB b
T o BRI, BA B SR XT M 2500 M B i it 3 w]
W RBUEE Z 78 BA LR X M 2548 PR E DRC
L ST LG o FERAE BA R 4P nPERE.

3. TR TR S B R A FIE T,
X (16) 7 H bR sk 05 B I ik Z HA X M 45 1.

Y. SRR P AR X X
Y Laplacian 45 f45 /& L, (XP) =P"L, (X)) P, A
tr(ZL (X)Z") =tr(ZPL (XOP"Z") . Bi X (1) H /Y

A 0
QX 2)=Q(XP.ZP) ;% Z¢ = [o D} ,Hrh A F1D B

"

AR QX=X ZO U X Q(X . Z) =0(X,A) +
QX D) L HACY B=C=0 AR5 P 55845 5T
P, 5 H A5 s 2 (16) P Y Z 1E DU ST 2 ™ A% B
XA AR AR e Sk (36 b i 3 2 T E S
o 12 ) sz HICWE A A2 R . 20 (16) 1 H AR s 2K
1 Fo 110 A B A0S AR A . HE 5.

1T H AR R (8) J& A M ok B I 4 DRC
BT A% R A 119 58 BT SR W ik = 2 Ry e 10 fe B

B7 | L, 1Y :
D]#%ZﬁTﬁAgimvmw%
i1

WS TR L 45 A — B B O M A D RN A 4
AIERIE DRC k010 288 fif. Bk, 78 55 45 1%
R, FRAE [0 & 46 BF F UMM T A5 LLJE 5 S,
K A5 JE PSR KL S FIF A B AR G T 07 A 2
ME— e A ff. LA, B F X' X Ml Laplacian 5[4 L,
A IE 2 R B PR A R AR A A B, i — A
W R Z AR 0 FEBL A5 R N Z 1 SRR o T
FEAE A — B A0 L LR 45 A8 Ak S ) i —
AR A O IR, Al 4 3i B T DRC H 45 o
AR R TIPS E R . 5551
SEI R4t R W] DRC HA R e iR stk . 76 B
RSt 7, IR B B 2 R B A v] 22N
6] i 0 B AL R A IRk 1 BT R 09 5 2240, AT K &
VARl e AR TS O A [ Lt ml A R R R s L
BT RBUERE Z v ik S°.

W 4. DRC B A B b5 ok B bl %A 72
% T .

. RIS AR RS AESS 11
WL TR F UM 2 AR AR R
et AR

a| X—=XZ' |4 pte(Z'L. 2"+ 2 tr(FTLF)<

a| X—XZ'" i pte (2 L2+

Atr(FYPTLLF) 21)
ST RREAE LS P 20 e A AR M ST
DA 4 5K

ptr(Z LT e (XLIX D 4y |8+

Atr((F"DHTLIFTH<

ptr(Z L2 (XL X T A+

7IS" i FAtrCCFDHTLF T (22)
AL B 2D FTC22) WE A W H bR pR (8 Fifi
WA UERE T T T % HEEE.

fEis By . NG L 1 A] A1, DRC | OGS 45
YEALFE (17D .3 (20) T3k 23 i — A5 B8 L 43 % g
Z.S M F =F 5L /E. Sylvester %5 X 3K fig
By 4 780 % S Bartel-Stewart 32, /68 18 QR 4 f#
B 2B RE A el Schuar B 2 FR T EAR 165K f#
SHARGBEREIBEEE R EIE O s AH AL I K
K QORI ZRBE R OGN S 1y % 1 53 Z= i
O L% M EZRE O, ] DRC &
R EEAC 2 B O(n®) . {158 8 1 i S5 32 £
WK ¢, DRC BRI N O’ D).

5 SLIEHER

IR T 22 A N A RO S B 23 O B da 4
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Bl

2,
5

i 2019 4F

Bk 4 DRC 9 0 1 W FHBE J1. B i 9 92 56 40 4%
ORI B o) A1 25 0 S s o3 T MR R L S B A
FEVLIBATRE 4 FhAS [R] 28 1. B AT LA 43 7 80 AR F
g AL e 7R A, SE 56 38 1 HER 1 (Accuracy, ACC) Al
IH— 4k H {Z B (Normalized Mutual Information,
NMD P Bl 45 b5 %) BT A7 33035 1) 3 R 45 1. ACC Y
HHRAAXN
ZS(L ,map(r;))

ACC = ’

m
o 1R 25 7 REAR x ) B SL R S AR 28 r R 1
THRE BT MR A s 2 L= ri WL BB 0 (L r) R
i 1. ) Z A 05 map (r,) 52 8 45 WL R 500, 1T T
WEREARZE r B 4 IR 45 B0 B0 4R 26 bR 8T At
HAGE MI AN
, , pleivel)
MI(C,C )—{le(;}e(”p(c,,c,)logzip(ci)p(c;) :

o, C A REA L2 i A 25 4R . C RS T
RN FBRR B p (ORI pCe) Gl TR AL REFE A
Gy ISR T e SRR T p Cepe D MRAT RS HE
A8 T e M e I R E— 25 NMIT g
S

, MIC,C’
NMI(C,C") = ( )

max(H(C),H(C'))’

(a.1) SMR

(a.2) RSS

(b.1) SMR (b.2) RSS .

(©2) RSS
AL 5 O 1 WA 10T L 4

(c.1) SMR
1

Horp, H(O R HWC)H 4y i E A C fCl Ry .
NMI & —Fofr i 0 {1 AH AL B8 B 48 b, HofE [0, 1],
AR A B A — Bt , NMIT {EE 1, 2 2 W H 0.

5.1 AR
ol N T A 5 7 B s 5k DRC 8k

(18 K BG4 XoF £ AL BE 0 LA L e MR g SR . AR Ak R
DR N, D @i A BEHLA L 5 A4S m=250 H
n=25 PEHE, LL 0. 2 Ry fm B8 K 5 7 il 57 - 25 (]
FEAS S0 33 A5 v AL 26 5 L P p Y0 A R AE B AR
BN, DR EEES. K1 2R 7RSS RA
TR B 5 BK 4R Bk L A §F SMIR™ | RSST
LRS! 1 DRC, Hri |8 1(a) & 1(e) 43 5] & M s
T p=10,30,60} F LR, BT A 51k 19 S 508 @
T o A A R DL S e A 25 Dl B RR B . IR 1
Ca) AT UL AN I M 75 T P B SR O 4 AR A A=
BT B WY S X A 2 R 0 DR R I L 3R 2 1k g 4
BB UE T JUAR G2 HAT M s 19 4 R AR 0. BT, A
Bl 1Ca) 7 mf DL K [6) B 3k ) i 22 5, SMR Al
RSS {1 7% [F) AH AR, B EL A A B ot AN L & 248 568 %
i 45 A 76 W RS PR BT rpot S e Bk R B 5 LRS G
T P KT A 235 A A 3 T R T L AR N R L LA
fEAH , BE] LRS Bt 2 55 N FEA 1 R 30K S $R L 7E
L RS A AT B TP X DL S PR AR A U & LR

1.0
HOS
0

(a.3) LRS (a.4) DRC

(b.4) DRC

(c.4) DRC
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(ol
o
93]

AL UL DRC F#% [8] AH BLRE DAy e X6 (8L, T 5% P AH {2
JE N EA F 5 B AR {138 A T 2 A n AT
%5 W 1(b) F1&l 1Ce) A] W, , 7E M 75 3155 T . DRC 1y
RHRHE B B B oy W] 2 Y 5 REXT M 45 . T SMIR
RSS Fl LRS 4 5 B U R 52 2] 7 7™ 5 19 5% 0. o
Ho LRSS, AR XE A 30 A BLEE %E B (9 %) A8 45 4. (B
PRI RSS Bk I R 45 i TE M A5 IR B8 L IR
UG 55—l B BIAS [+) 7 B AT A [) B R B B8 244, AN
AF B — P 43 2 SR 0 v R Al 37 [ 43 AT 1R I 4 2% A
W s H o R ROR. 3R 2 MEEZS R W IRk T DRC
BT e e, HOLRS 54355 Pk G 70 Mt 5 2 85
H R BRI

R2 ARAEFEEGH S HBUEPHEREE R L

ACC NMI
Methods
»p=0  p=30 p=60 p=0  p=30 p=60
SMR 99.22 97.21 76.05 97.91 94. 30 62.10
RSS 99.22 97.60 85.15 96.87 95.02 78.47

LRS 100.00  47.40  40.50
DRC 100. 00  98. 40

100.00 66.86  55.76
95. 20 100.00  96.50  91.41

®3 AEEEE3IRBIENNABIERBH S RIELEIER

three-ring two-moon
Methods
ACC NMI ACC NMI
SMR 37.60 18. 90 51.55 45. 68
RSS 71. 60 50. 64 74.00 51. 85
DRC 100. 00 100. 00 100. 00 100. 00

HE— R AN TA B 3 FEE R o 56
Ik DRC By 73 #2288 J1. 3 M504k t 18 2 Ca) Bz« B L
FEHE 500 ASFEAS L N ER R AR S 150 4L SMER
200 A4~ XA He i 1B 3 ) B S BEFLAE AR 200 A FE
ABAE R 100 A 8 A2 H X TH A8 ST E
2 FIK 3 254 T SMR.RSS #1 DRC 443 45 5
3 MMEUE B a5 i 1Bk o e da bn. Irbal I,
SMR FiIl RSS 7 3 P Fh 3E 5 L 43 1 1) 4l Hh R 3R
3 A5 R I 00 B 22 S R 40 o B AFR )
JE 8 BRI 1 DRC 38355 19 Fh $ic i 45 #1 Re % 2 17
TEHf 535 #E 3 FRECHR FOBUH B4 4 v 1 4 R 4R AR
#hAE 100 %, I T 75 143 FERE 1.

(a) Original (b) SMR

(c) RSS (d) DRC

Kl 2 SMR.RSS #l DRC 7E =3 & MU 1Y 23 FEROCR X 1

(b) SMR

(a) Original

(c) RSS (d) DRC

Bl 3 SMR.RSS #l DRC 78 X2 3 A B8 Hh 4 43 7 RO X B

5.2 AAHEEIR

K 8 AN TF B 42 U DRC 1 52 B 4 #2 1
FAMERE . & JAFFE,ORL,AR =/ AW 54 4,
ISOLET & &% %t #8 48, LUNG = 9 % 4% 4, COIL
LB UL R 2 A F 5 F IR E0HE 4 USPS #
MNIST. 5% 4 3]t 1 5256 v 2% B30 46 09 40750 1 58
R BUREAS 1) 22 KE A LA B {8 R85 1) SC Rk T FE LB
Oy BUHE B 0 R BE AT B B, Bl i USPS 5 MINIST
P T5 F R E 0 B #0210 4 FE 45 48 . [ O 0 38

USPS H1#) 2.5.8 =/ EUFAE Ry 43572 W .

R4 HE\EHRLE

TR FEAE FEAS REAE 4 B2 H br i 2
USPS 2913 256 3
LUNG 203 3312 5
JAFFE 213 676 10
MNIST 2000 784 10
COIL 1440 1024 20

ISOLET 1559 617 26
ORL 400 1024 40

AR 700 792 100
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X B Rk F 2 M 1Y) Kmeans DL 58 fiGGE /Y
FSASL™  NSLLRR™, DEC, SMR™ | LRSS |
RSSP  LRRMY [ LRRBCHY F1 FSCPY 2597 v, Horh
FSASL 1 DEC 43 j1| 3 iof ¢ 1 34 4% F 45 21E 4 R g
FZ Y04 AFE A 1 35 PR AE L B Js R ] Kmeans
J7 AT B 43 7. LRS 51 A Schatten p yu 5 fil 43
I/ IMEIEAT B 0 28 [ 48 & 38 4 7 48 7 A
MERAT IR A R A5 R, HAR 6 R BB LU Al 3k
ﬁﬁ%ﬁ%»xﬂ%?lﬂﬁ@%xﬂ’ﬂiﬁiﬁ o € oy

2 H A5 I DA g O I AR 1 B 4k ] NCut 5
RatioCut %5 5 % 56 MUl 7 #E AL 55, MR SE g ad #2
JIT AT ) BU SRV 9 15 10 2 B0 3 3 0 A =8 R S0
HARJEE R 5 P, K S 85585 & H kX

%JMiZIKE’Jf‘aBAéJ\%ﬁ{n SR H AR AT S5 1 R iR R
11 ELAR A B 43 7 52 AT & — B AR IR 1 24 A1 )
L5 (2) DIME B R R LAk (9 JL AP 5 15 48 Kmeans,
FSASL.DEC.LRS A S AL 43 FE 45 5 L7 5 38
TR B 4R 0 e UK B R H — 4k B fE BL(E, Y
FSASL 7¢ ISOLET #3518 T 1 ANt NMI
{E; (3) DRC HA B B P RE L34 75 8 MR 4L 1)
ACC Fit NMI it He i, DRC 263518 T 10 St
S AWARE. HRA % H NSLLRR A 3 AL
. RSS # LRRBC 20l A 2 a2 /\th
{E, FSC #1 DEC W4 5145 3 F1 2 MRHEAE 276

x5 NUEEEPATASHNEREE

Methods Setting of all tunable parameters
MR PR FE— S X S SO LAY 2 80, 48 &R 3 R roasL  HE(3:6.9.12.15) 10 BE (102,10 1 e 107
P8 MR & X 2 e R ;“’201 1020355}0 oL 0605 0 “1 .
) 3,6,9 Ayﬁ 072,101, -, 10
B ANk N Y A PAN
I—XH:% I i&s{ﬁﬂ:ﬁﬁmﬁ%tkﬁﬁﬁéq:AE-%G%ﬂi%7 DEC 6(3 6, 9 12, 15} 107 ,10 71,..’102>
SN T T A e A O TE TR A5 s SR R SMR k€ {3,6,9,12,15}; ay6< 2,101, -,10?}
ACC *ﬂ}ﬂ ’HCFL{;‘L.\ NMI Wj/l\ g{\ %aﬁﬁﬁﬁ( LRS 6(3 6,9,12,15}; p€{0.2,0.4,0.6,0.8,1}
RSS £E(3,6.9,12,15) 541242545 € {1072,1071,++,10?}
0 Ly S /N NS N/i=]
H AR T 20 YK BEHLAT 4h £k 52 5 5 BOF- 3 3K 45 . & LRR  1€(10-2.10-1 .o 010? };06{1.0,1_1,1_2,1.5,1.4}
o —HUR LR 2 2 EAR AT T HER AR SR LRrEC A8 E (107 2,10 Lo 107} p€ {10, 11, 1.2,
‘ © o 1.3,1.4
{5 BABHA VA (8 S 4. A 6 R 7 AT LA e o
. A 072,101, =, 102} 0.2,0.3,0.4,
TR (1D WA — AL 17 A B FSC 0,50, 60 xm)]
e oA 5 B0 5 TR A — AT 9K 4 - DRC K€ (3.6.9.12.15); au€ (102,101 oo 10%)
xo6 MMEEZAEARBBEETH SR AREI L
Method USPS JAFFE ISOLET MNIST LUNG COIL ORL AR
Kmeans 91. 69 71. 57 19. 64 54.16 78.33 59.17 51.79 26. 86
FSASL 96. 68 78.76 57.47 57.46 90. 14 66. 67 54.75 33. 29
NSLLRR 94.79 98. 59 58. 94 51.90 90. 64 62. 01 65. 35 51.00
DEC 95. 91 95. 31 58.56 62.38 83. 74 73.06 62. 25 32.43
SMR 97. 05 97.34 52. 80 62. 35 89. 16 70. 21 72.05 60. 99
LRS 78.72 71. 83 26. 62 35.43 80. 30 149. 72 53.25 43.57
RSS 98. 80 33.33 45. 86 51.71 80. 30 82.92 21. 25 18. 71
LRR 95. 23 97. 66 54.78 53.95 73. 89 66. 94 66. 75 60. 57
LRRBC 95. 26 99. 53 56. 96 54. 00 73. 89 67.92 70. 00 62. 00
FSC 97. 52 96. 71 149.74 55. 15 87.19 58. 96 72. 80 61. 71
DRC 97. 63 99. 53 58.63 67.20 90. 15 86. 74 73.77 65.29
®7T FEEFZEARHEETHA—LEFEELE
Method USPS JAFFE ISOLET MNIST LUNG COIL ORL AR
Kmeans 80. 21 81. 52 70. 00 50. 84 60. 37 75. 58 74. 26 65. 37
FSASL 85. 88 88. 29 75. 64 52.95 74.76 79. 20 75. 88 69. 93
NSLLRR 87. 90 97. 81 70. 39 52. 90 76. 12 72. 47 79. 86 76. 37
DEC 83.70 94. 20 73.48 53. 84 68. 25 81. 05 79. 55 67. 46
SMR 87.24 97. 20 68.91 61. 80 73.57 79. 51 84.91 79. 60
LRS 69. 72 78. 33 38.98 27.59 58. 24 56. 66 75.12 74.68
RSS 93. 66 27. 20 64.58 55. 81 54.27 94.52 11.76 53. 25
LRR 81.68 97. 45 69. 86 55. 31 50. 55 77.28 82.58 80.12
LRRBC 81.76 99. 18 69. 87 55. 37 50. 55 78. 14 82. 98 82.20
FSC 88. 81 97.10 58. 87 63.13 72. 31 68. 57 6. 03 80. 18
DRC 9. 19 99. 18 73. 21 65. 33 74.82 95. 65 87.15 82. 86
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AeiLic 55 T DRC. 76 8 84l 5 19 °F- ¥ NMI 45 #7
W, DRC 35 2] 83.42% , 1 R L 1L AU 79. 9%
(4) DRC S 76 [F] B4 56 vh A R4 1 3 17 1k
BARAE ISOLET 1) NMI 45 5 i I A 3R 141 2 &
a5 (A HAE 73, 21 Y R A 73. 48 %0 L8 I
0.27%. RSS 7E USPS il COIL 1§ 4> %48 4 o iy ok
Aed b %€ . A 7€ JAFFE A1 ORL i) ACC 45 #r
I3 BT 33, 33 %M 21. 25 % L i i Al T H A LA
7. NSLLRR F1 FSC M| 43 %4 MNIST 1 COIL
B RS B 8 pR AR T R MEAE A Kmeans.,

kit — A 7% DRC 4 249 S5 1Y) 53 ik I E Al B
B ORI R P 2 2] FURR 29 AR AR B, A ik — 0
DRC f 3 AL A . BIJE S B(NS) VT Z i (NZ) |
LA I S F Z e AR Ind, 5546 ML Ori #4775 1
SEUGAE AN 4 s, NS 248 B DL (16 /EH

10 I o

I NS g
[
sor . Jind

ACC

601

/10 L] L] Ll L

I S RV VS
S QQ \%’ \% Q% O Q A
RN R

(a) ACC

L B b ok B B B AL Z 3T 5 SOQ BR A [ 5 NZ R
LA C10) F H AR R ECR A S IF 44 8 5 16 4E [ 5 Ind
Ji ) 5 3 5k = (100 3K fift 453 2] S8 48 17 1% Laplacian
A QOB RA W RBUEE Z. NE 4 7]
1 SR G DRC AR 1) 1 BE %5 4% i Ak i A B S 1 4
e, Hop NS F1NZ 78 5] 1 #5848 b R B & ik
T, A5 A B AT 3 I 2 R BRI 4R AL B 280 o R
SEVE AR A Ry AR ST A P A R R Y Bk AR A
T AT S HE. Ind BB SR G5 T W A 45 R 1k
JoT AL Gl = 2 2] 3o i A R S B 4 AR A 1 B e
HE RS T Ori IR H 8 3 = M &, 7 USPS,
MNIST.COIL =A%c#4Ed . Ind BL5 Ori B2
AR HEE il 2t 5.4 7 SE 5 AT AT, DRC AE 3% JLAS
Bos A v G 3 2 Yk AR R ATk S, BB Ind
JiR B2 30 T e A1 i

100

n 1 o _
I I NS

Nz
ol [—

NMI

701

601

{4 DRC % f] b RA B 5 S P RE X L

5.3 SHEBEDN

M8 R 5 B s B A7 93 15 07 W R A B0 — 1
FrE ZHOTT 2N A8 R 00 5 A8 (8 X 43 1 &%
Rl — . B, P B 5k h RE i S E0 A B
B P e X 2 B0 EL R U 174 0 3 I A o Bk
FHRE ) 0y ZF8 bR, 724 5 . FSASL,NSLLRR,
RSS ZfE %A 4 N A TS %, SMR,LRRBC
M DRC A 3 & 25 M4 F ) DEC, LRS,
LRR A1 FSC W 2 A 2 M F ik S50 W R g8 48 i —
¥ DRC (R M S EAR 08 2 A B R 4 T3
TR ERENE. TR 3 RIS H L ABIUEL kAR B
FHAT 5510 28  AFAE T R 43 58 b ey %of e 47000
AT 72 AT S B 25 27 2T 00 23 i TR) L. it Ah, DRC
A o g PIAIE W2 %0 L JAFFE, MNIST,
COIL 1 AR P #4844, & 5 25 3 7 DRC 5%
TRAE o Rl e SHOR TR (BT 1 43 75 K5 B2 A8 1. A&

5 AL, fE A Bl 4 F DRC W5 o« 88 p 251k, H
Gy kG B B A 5K A A2 46, B DRC X 584 1F 3] 75
SR W) U E B R IRAEL S % T
ACC HUE AT 25 508 52 1 5 1t 52 36 25 LT s 3
e o ZHHE LT o ZE8UE W 100 £5 85 640, 76
JAFFE 1,24 =1 [fij =100 i}, ACC=99. 53% %
I AE s M 2 80 % F . DRC #£ AR 35 3
LA BEH 65. 29 %. FF ik, a2 DRC 9 £ %
SRR 2 AT I RCR. R L B 6 R
/R T FSC FETEAH R A5 & b i SR R A5 R H
ST RIEARAEA R S BUE T A8 {2 JC 3¢ DRC
A 0 FL A o5 ) AU
5.4 BEITHESH

IBATRCR SRR R B S B Z 5 0 o —
HEARAR . X R P B G E L KR8
DARD S 7 R T LRI B AE 45 B SR P i Rk iz
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0.65
0.6
0.55
0.5
0.45
065
0.60
0.55
0.50
0.45
(¢) COIL (d) AR
B 5 ANFEZSEEME TR DRC 75768 B X
0.9
0.5
0.8
0.7
0.4
0.6
0.5
0.3
0.4
0:3 0.2
(b) MNIST
0.6
0.5
0.5
0.4
0.4
0.3
0.3
0.2
0.2
0.1

(c) COIL

K6 RIEZEOEE T K FSC 2R BEXT HE
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ATEFI], B A B 3 20 Ras A7 45 SR O B E 15
F| . 528 7E Intel Core i7 CPU, B 4 2. 40 GHz,
WAE 8GB, Win7 #:/E & %5 UL & Matlab2015b # 4
VB FSER. GG IR P RR R AR L T B 1 X
Fe B AR A2 6 5k 7 R AR o RARME L BPAE 8 A
BiREh At HEA R 2 PERETE bR, 3 8 WL,
NSLLRR 1 LRRBC W % 1) iz 47 4% % B @A T H
M, U HOE LRRBC B9k, 78 KER 4 4 4 h #5
T EAET W 2 s B, 8RRl T
LRRELLZFT 8RR A A BT 55 bR R 2R 0 .

DEC )32 17 2405 57 iy A\ B0 4 800 52 e A 5 7™ 5
fE LUNG ,ORL 4§ m ik n FEARE P RORS T
HEXF e HE % RSS By b iz 5 & 5 DRC —
e AH S5 B g8 T DRC, [N 8 4GB 47 550
WA, FSASL 57 32 R A 4EH0% i 48 K 8 LUNG
M ORL 46 4 1938 17 808K T DRC, 7R T 5K
P45 R 5 DRC M. B 75580 8 1, 25 & 3 5 vf
ML, FSASL #l RSS #i# # \ TR 4 M S50
i DRC A 2 S FF S50, B DRC (1 5 44 552 it 2
A FSASL il RSS # 55

R8 FEHEEERHESEPHETHENLL

Method USPS JAFFE ISOLET MNIST LUNG COIL ORL AR

FSASL 172. 88 3. 36 40. 35 98. 32 93. 89 10. 38 24.97 19.78
NSLLRR 9.577e3 36. 27 2.43e3 7.605e3 101. 83 2. 64e3 105. 32 433.12
DEC 200. 41 23.45 288.43 637.37 3. 64e3 362.71 237.17 224.79
RSS 251. 96 0.76 53.92 100. 41 16. 53 42.70 4. 041 26.98
LRRBC 3.689e4 38.55 5. 048e3 9.361e3 56. 15 4.59e3 113. 45 647. 88
FSC 1.022e3 0.74 190. 30 867. 88 4. 725 150. 27 6. 489 15. 67
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the estimation of low-rank matrices have drawn considerable
attention in recent years. LLRR has been widely used in sub-
space segmentation, image destriping, image clustering and

video background/foreground separation.



512 it =3

2019 4

The LRR method focuses on low rank data representa-
tion based on the hypothesis that the data is approximately
jointly spanned by several low-dimensional subspaces and it
also takes care of largely contaminated outliers by incorpora-
ting /, noise models, thus LRR can accurately recover the row
space of the original data and detect outliers under mild con-
ditions. In general, the resulting problem becomes a convex
optimization problem aiming at the optimal solution of minimi-
zing a combination of the nuclear norm and the /,-norm in
polynomial time.

The performance of LRR based clustering approaches
heavily depends on learned data affinity matrices, which are
usually constructed either directly from the raw data or from
their computed representations. However, these methods may
not guarantee an overall optimum since data representation and
similarity measurement are often conducted in two independent
steps. To improve LRR in this regard, this research proposes
a new LRR based Data Representation Clustering (DRC)
method with a block diagonal affinity matrix in noiseless data.
In our model, we adaptively learn the similarity measurement

and {it it into the general low-rank representation framework.

Meanwhile, an explicit rank constraint is imposed on the
Laplacian matrix of the affinity matrix, leading to an exact
cluster structure of connected components. We derive an
efficient algorithm to optimize the proposed problem and
show the theoretical analysis of convergence and complexity.
Experiments are conducted on synthetic data and eight pub-
licly available datasets to demonstrate that DRC outperforms
the state-of-the-art approaches in clustering.
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