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Weighted Block Sparse Subspace Clustering Algorithm Based on Information Entropy

LONG Yonghong', DENG Xiugin', WANG Zhuowei*, LIU Yulan'-?

(1. School of Applied Mathematics, Guangdong University of Technology, Guangzhou 510006, China; 2. School of Computers,
Guangdong University of Technology, Guangzhou 510006, China; 3. State Key Laboratory for Novel Software Technology, Nanjing
University, Nanjing 210093, China)

Abstract: When the sparse subspace clustering algorithm processes hyperspectral remote sensing images,
the classification accuracy of features is low. In order to improve the accuracy of feature classification, this
paper proposes a weighted block sparse subspace clustering algorithm based on information entropy
(EBSSC). The introduction of information entropy weight and block diagonal constraint can obtain the
prior probability that two pixels belong to the same category before the simulation experiment, so that the
solution solved by the positive intervention model becomes the optimal approximate solution of the block
diagonal structure, making the model obtain the performance against noise and outliers, thereby improving
the discriminative ability of model classification to obtain better classification accuracy of ground features.
Experimental results on three classical hyperspectral remote sensing data sets show that the clustering
effect of hyperspectral image in this paper is better than that of several existing classical and popular
subspace clustering algorithms.
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TE o AE R FE b, A SR B O3 A AR 2k 5 05 5 1 A5 TR 1Y O I, s () SRS B kR S B AR
PRB WA RGER . a5 ) 3R A58 1 e FR LD 43 208 b T 8] — 245 8] Y 0 09 i 30 % 7 25 [ oy, o
53 2R R, BRI T 45 18] 28 28 (Sparse subspace clustering, SSC) %4 i PIAME BL T 25 18] B 25 (Low
rank representation, LRR) 8 kPR R LM 1) 725 M) B R H P . BIRLRR B L5 SSC B gk #l J& 3 T3
BRI F s A R (R F A AR R R B 2 R A AR AR . LRR L2 —Fp 3t
TR e Y ARER 4R 2 R s ) IR  (H R, 7R 0 DL MR PR R I, ARk R R K B
PEBE 2 . SSC B & — B I T 508 — 4R 76 B3 1 7 25 18] 3R 2855005, & R F 85080 1 A i 22 7 8 50K 3 A 4L
JEE AR 4 LN AR S IR 2R ik B BB 0 Fas M R AR P SSCHEREAS B LA T
BAGESAROGIEE R A HIEAS ] 1N SUE B, 5 250 00 S8 2 0 B A 3% 3 P AR, B = R A 2R
KRS R MER MR iy T AE 2 BRig 1Y b B0 A B 2 A7 A8 MR R S o (B, Sk R 2
[ 20y S7 (AR 5, DT 5 B0 1 3R 3% 3K 1) R B 25 R B M O L R ) SR S B A L Lu AR TS IR I T O A R 1
F 2 [A) SRS B N O W AT HOXT A 2 0, 6 0 R P B I 0 HROGT  AH  Gn  3R R R
XF G5 H TR A T8 T [R]85 9 A5 2% T 6 7 1 R R O I8 4 ELA B XT ffy 45 1 1) e 4 B LA RGP 1Y
Sy RN K L AT 5 28 R T AR A AR A i SR 245 L s Wang S5 S — OB B A Bt RO 2 2T Y
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AH 56 22 BI0BR K A5 3R T 0 7 2R A £, 3 R0 24 SROAE ST /0N 6 I B 29 R R BUR W RER S 0, R 2 filE
AN IAG ZR I % N 2 B0 £, B2 SRR ST R R, 6 IO A i 24 SR 1) R EOR AT RE R O, R AR B AR 1 5
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s.t. diag(C)=0
Ap CeR™ MY B R BCE M, X € RPN s [ o 78X ROR R BEIE AT R 29 RO, (1)
S Lo G R e R AR AR A TR, R NP M ()8, — A Ak By R A B AR B Al 0™ DA Y 4
YO R) L, A o R ) TR SR AR 6 A
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KA AR B R BUERE C, S MMUE R G=(C + C")/2; 5 Ja , ¥ Ho 0w I 7E ML G Ak 2 3 09 38 26 1,
WA AR RN RIELE R,

1 T SSC A Y Xof 7 g Jak , DR o 2 W S LS R T R T R 0T BLJEE Jin A SSC (Gaussian weighted
sparse subspace clustering, GSSC) , 51 A M Bi £ 5 14 A fiff 54k )< v] B8 Fh AH (7] 25 18] ) 200 mi etk &
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2.1 ESSCHRAIMEIT
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X QR B AT AL IR Z 5, AR BHR B SIS IR 1 i 4k [, 3D T IR TR BB R A
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L SSC (Weighted sparse subspace clustering algorithm based on information entropy, ESSC)#.7% . KA
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FUATT A 2 A4 A AH G 145 28 90 %o N7 28 B0 5 S A, PRt , 1) TR G 2% 50 £ 5 08 ok 9 7 i 240 PR ) A o
W45 BE 1% 35 213X Fh ROCR, |, B2 4 IE 1]~ UM i 45 2 9 1 T, A5 A A [] — 2 ) A9 5 38 i o 7 ) 2 80 T
AR 00 A X 8L AEEE 57 19 ESSC AL U
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(3)
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— S T TR B A AL B SSC B # (Weighted block sparse subspace clustering algorithm based
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SRR R N W SO v o1 S NS R S i | B P B o I (S P R O
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BW2 WY e AR AT U E I bR R AL
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F(13)J& th L JE LA X M 901, FIE A & mi k. F In) A 15
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(14)

JFM(CJrYl E(Diag(y)ll"'— Y))
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FBRA T HASEERE T

Y]Hrl: y]/+#(cz+17Az+l) (15)

K p=1 9 R Ak 550k i 8k B ,ﬁ%ﬁ%ﬁi%ﬁ%ﬁ%ﬂ%mH’\J%&1¢%||C’“—A’“||m<e,
||X—XC’“||x<aﬁ%k?&ﬁ§ﬂ@%kiﬁﬁ‘&(§m
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Table 1 Parameters setting for the proposed algorithm

290
’ 2% Pavia Centre Pavia University SalinasA
(1) 44 3D 8 B (R % 4 4w g 5 ; . ;
2D, X eR"MY; A 3.06 X 107° 2.18 X 10°* 6.1x 10"

(2) AR i vtz B F8 Kont i 6 1 A B o 47 % B B8 3.06 X 10°° 2.18 %X 107° 6.1 104

PR I 10 000 10 000 10 400
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(3)FIH ADMM Bk % 20 (8) HEATZL AR M Ak , 2R A5 H0 5 22 B B A5

(DFAR G =(|A|+ |AT|) /235 F A 15 2 AL S 1

(5) 4 3K fifk 3 1) 22 B0 P A L FH R AR AL 20 310 0 1% SRR b AR 1wk R R 2 45

i b DG R R ISR
3.2 EBSSCEEMBHEEFHESH

EBSSC Ak kAR i f b i R E A C Y T AT B b o R AR
FERO(n)=n", EEHBEEN B EAEENREBEE =AY WA ERERNO(n)=n*, EEH
B RRAEE TR A AT I B E R E RN O(n)=n", FEMEHEMN SRZBE 74 & LR,
EBSSCE MR 24 B} O (n)=n". LRR 5 LSR ¥ 59 K 50 W 1 33 4 50 F0 e vk | 25 A1 40 it
& HHBEERER N O(n)=n",SSC .SWSSC I 3DF-SSC &3 i ADMM 3K fif 35 5 95 46 B 1 33 18
SR B 1 e vk ds B O B R ) B 24 R O (n)=n",
3.3 EBSSCEHZEHMMBLH

JUFP LRI F s M R R E h R 245 W . IR 20 H AL G i+ 25 [ R H L SSC AT LRR
{¥y F b o 8053 S AR || - ] FE R 2o 5 || - ||, 8 B2 SR i 3% 70 S B T R B Ay 25 4, (LR AR A 1L
1 AR rf s R AR RO R S A B K B 2 s B S A () BRI S e, Lu E R T
1 -2 () RS Y fe /N e M1 A AL R T F S 85024 AR g I DU T, 265 485 30 5 ) JR X g 2 0 B i SR A
g BT M AN o oA T R s (D SR S B 0 SR 2R BE L 22 SO AR VR Zhang SR AL SSC——
SWSSC .1 M 3DF-SSC Hi%: . SWSSC I th 18 3 19 W 5 8 11 55 0 R TR B2 66 I 4 o AL T B
P /DN P R DR s (ELR s G e LA v A B Y s A s ol R T R A R R
ANEE TR TSR AR 100 2% 35 R I A 43 B S N 05 0 AT AR AR T AR I M ) o3 RORS B r2
3DF-SSC Bk 2 fill fr 18 6 1% G 1 = 4 45 15 R AE I AU 5 7 25 18] SR AR AY () B30k | o vp = 4k 28 5 R AIE
A8 = SR T AE AR AR L S YIRS SRR AR 4 Gabor BRAE Bk S AL A T R G I R 9 45 A4
iE B H 5 25 (B A A v, o JIR T R OB H Y AR KRR BE R R T A TR SRR 0 SR SRS B, STk (5]
BT AR 25 ) RS BL M b k. BOAR AR SCHR Y 19 EBSSC B TA A 5 SWSSC 457k il 3DF -
SSC AR I AR B F- 25 7] SR S0 £ Y550, AR AR SCHIE B S R BUA B9 AL SSC B[R] Z 4b 16 F
LT 2 T 7 U R 3R R B %) BT A 24 B SR R AR R AR O R B R YR A B AN T
AR SCEL 5 AZAL AT DA HE AR 22 0 3% 36 5 PR 0T BB %, T EL AT DAAE O ELSE B AT AR AR R R R
F [l — 2 1 S 50 M 25, DT L i) - SASE A8 SR 0 i T SR O 5 RO 5 AR R SR R A MR kT A

®2 SHANNTFTFERRRR

Table 2 Typical subspace clustering models

EREN F b bR 20 AE DU it K it LY RN

A , A 2 .
SSC lell, + Sllx — xcl; lcll, Sllx —xcll; X = XC,diag(C)=0
LRR cll, +alel, lcll. AlET,, X=XC+E
LSR el +AlE] el AEN X =XC + E,diag(C)=0
S, A 2 A 2 o . o

SWSSC twell, + S1El; well, SIEl; X=XC + E,diag(€C)=0

1 . 2 1 . 2
3DF-SSC E*‘ C‘,-,»| + A”Jr,-c, —a, 2f| (/J,-| ,1”11(',»* I,“ C,=0
/f,uv - 17‘]‘&’1 2
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LY AN TR ARSI AT X 470 MR P A S (L B R B A B H A BRX A A5 A8 B B DA U . U, EBSSC
S 12 R M08 AT 280 MR w8 DI 1 128 SRR 1 M D) 2 2K JEE AR A ) At

4 HESBMERDIN

N T VARG AR SR R i PR R Rk 4 A 34 2 LB 4E Pavia K% (Pavia H10 il Salinas-
A FFEAT SR, AR 3P R S B e R R D MATLAB R2018b, 5 ML H 5% 24 Microsoft Win-
dow7(Intel(R) Core(TM) i7-7700 CPU @ 3.60 GHz,8 GB),
4.1 FEXW

g BF-Aik A SC EBSSC 88k i A3 R, 3K
B T ESSCH LS GSSCH L 34
LR O o B AR RO B Ly B, 8
ek ME 1R, K 1(a,d,g) A A
FEMAL SSC(GSSC)F 43 I AE Pavia K%
Pavia H1 .0 il Salinas-A % 45 b 1) 3 2 4%
F5E 1(b, e, h) N ESCC 5 3% 4 5 #F Pavia
K2 Pavia H.0 A1 Salinas-A 34 8 Y R
REER, ME 1A, 5 GSSCHREAM 3L,
ESSC 8.3 1 Pavia K22l Pavia 0 2 7~ 48 S,
o 5 1 E Y R B S b Bl ey (@ OSSC(3IT0)
BE O 7R B0 4 Salinas-A £ 85 4E L
T LA 3k ) [R5 SRS JE

il €15 BE (Producer’s accuracy) i 7 A%
B (User’ s accuracy ) \Kappa £ £, B &K B3
W BE(OA) PP PR R HERE MY 4 % A () GSSC (84.41%)  (h) ESSC (83.88%) (i) SalinasA original image
PR PP EBSSC BIL R IMERE , A B 1 GSSCH 5 EBSSC Bk 7E 342 L Y A% |- 10 B 2K

ol --'4

(b) ESSC (69.78%) (c) PaviaU original image

(e) ESSC (82.47%) (f) PaviaC original image

3K EBSSC 5535 5 FCM #3519 SSCH R
B2 LRRE P SR & 6] SWSSC & Fig.l Clustering results of GSSC and EBSSC algorithms on
w090 LK 3DF-SSC 44 1050 1y 52 i 235 S vk A7 three classic remote sensing images

X R 7 AN RLE X 3 A EE AR A R R
FPERE IR 3~5 iR, BUR R 5 R K 2~4A PR . H AP S BSEA L. = MBS R K
PR BIENITEE 2 EATAC A LR IR L AR S % 3CHk07,9 Dk e 3 S5, Bk
SR E IR 1 TR, o n 3R R 28 501 S8
4.2 Pavin KEHGRERERHW

% 8 3 Pavia K2# 8 B AR B A 103U BL, 92801, 61018 3 X 34018 3 43 [0 K/, ZE LR IE
ANV W 2 0 A T R i Rk s AT ) S 3 R MO 4 LA AR R PR 1Y Pavia K IR IRGEAR
HRSFR/ANE 20018 2 X 10018 %, 328 5 0 8.

126 3 [ 1, B SSC . FCM . LRR,LSR . SWSSC,3DF-SSC i% 6 F 2 #iL 8 1 41 H#50, AC SCHR Y
EBSSC 53 76 50 48 Pavia K 2% LAY R K 5 Kappa R $ 5 &, 405 8 78.62% H1 0.7252 ; Kappa %
ok L B RIS BB S Pavia RS2 QA M B Z W) & B s . R 3 AH T 7R AEAESA
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i 2 S0 %) P RS T R o LRSS PEDRG JE H RE SIS ) I B 40 2 00 B ] S PR i S ) B B L i,
FORG B2 48 5524 S0k 1 06 40 2 00 A B0 2R T AT 43 2 R B0 B ST o TR R A, BRI Bk Y
R, I 23 v AL Y 5 SR TR FE R, P ORS ERR  , Ud BH Sk 0 SRS M R AT

X3 Pavia XFEBREMBERBEEOA Kappa ZRB . AR EENHEBE

Table 3 Overall clustering accuracy, Kappa coefficient, User’s accuracy and Producer’s accuracy of Pavia

University image

Method Class SSC FCM LRR LSR SWSSC  3DF-SSC  EBSSC
1 3.70 15.96 0.00 24.24 0.00 100 50.59
2 31.67 41.89 49.74 71.48 48.15 98.44 93.36
3 0.00 6.89 100 100 0.00 100 0.00
4 97.32 96.81 97.19 80.46 99.57 53.84 97.41
il R B2 5 76.57 69.61 68.50 40.56 86.39 55.29 73.74
(100%) 6 72.13 84.05 98.95 70.70 64.75 98.95 95.47
7 5.99 6.66 0.00 24.47 5.33 100 23.40
8 46.70 84.95 37.95 92.80 97.82 99.45 34.35
1 6.82 20.47 0.00 0.00 0.00 63.72 64.76
2 46.22 51.43 28.28 28.28 83.20 74.70 55.97
3 0.00 100.00 81.82 81.82 0.00 14.89 0.00
4 52.55 99.32 99.69 99.69 52.55 100 92.49
FH RS B
100%) 5 27.59 31.07 80.86 80.86 48.10 99.30 91.87
6 66.51 52.09 70.27 70.27 99.30 99.53 76.51
7 50.00 45.74 0.00 0.00 39.36 95.43 23.91
8 96.12 87.53 99.28 99.28 99.45 97.03 54.39
Kappa 0.3378 04518  0.6025  0.5140 0.507 6 0.6725 0.725 2
OA 04262 05358  0.6926  0.5860 0.591 3 0.724 7 0.786 2

() LSR (f) SWSSC (2) 3DF-SS
&l 2 Pavia University S 4% M i K 5 7 Fp Ak R4 S

Fig.2 Ground truth image and clustering results of seven algorithms on Pavia University dataset
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P AEAE R I MR W 75 RN 4 25 . S5 G IR 2 T, 51 AR ] Oy 20 A 3 A A op i 2 AR i TR
IR B AE TR 5 LS BRI ECRI e Xt fa 9 R 22 05, R R ORI — 2P 4 A 31
T M A3 2 B, AT L DR B s R AR AL P R A B A 20 5 S A B TR R A
Vil
4.3 Pavin O BRBRELERIH

% JE B Pavia H 0 38 B85 AQ8UE 4R 2 BR R S I Be A 1024 By, 8 2801, 109618 & X 109618 K 11
25 [ R/, % T Pavia A0 38 AR B | 07 5 92 50 35 BOCHR A AR R M 09 5248008 43, 38 40 B2 AR 9 st 0 25 531 o
6, I 7R R

Hi ¢ 4 AT, A SC EBSSC 535 7 Pavia b R 48 B Si i ny RS RAF O 95.27% , 15 T SSC.,
FCM,LRR.LSR.SWSSC ,3DF-SSC iX 6 filt £ #1553 (19 SR K i, Kappa RAGA ] 0.937 3, B W] 5k
EBSSC (1 R 245 L& 5 Pavia o0 i i T8 09 W) & BE 3K 31 93.73 %, 1] UL SC EBSSC 3k 1y R P g
Bl 2 . MNFR AT W] LU B 7 B0 B 1k A8 R 2 500 0 1 TDRS BE R PORS B T A G ol AR B AR TR K A
Bl T WA B4 ) RS 2 g A0 R S A S 2O 0 SR M RE R AP IR A A B, T LR B EBSSC Bk
FERRA 5 b 3R RS BE 8 B2 A ke 7 4 R 288 8 O X I 1 28 ) 2, TR EBSSC B8k AE A
) b T2 R ORI Ak
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Table 4 Overall clustering accuracy, Kappa coefficient, User’s accuracy and Producer’s accuracy of Pavia

Centre image

Method Class SSC FCM LRR LSR SWSSC  3DF SSC  EBSSC
1 51.68 74.57 0.72 0.00 59.79 72.58 98.07
2 64.92 0.00 77.97 99.65 58.62 91.44 75.56
3 2.05 50.89 48.74 0.00 88.51 71.21 89.53
il Pl A i
4 82.69 65.66 56.49 98.88 85.00 93.91 91.98
(100%)
5 70.68 82.54 72.16 94.11 92.31 95.42 99.28
6 89.26 95.92 88.19 43.31 75.47 95.70 96.50
1 55.80 50.79 0.33 0.00 67.32 97.83 100
2 82.17 0.00 78.52 67.22 86.23 93.36 73.91
3 00.94 100.00 33.33 0.00 99.65 88.68 86.71
FH R B
4 85.57 81.76 73.32 71.51 85.53 83.41 93.71
(100%)
5 82.04 58.53 91.63 94.77 59.13 91.52 99.64
6 52.36 44.61 63.82 100 87.82 96.46 96.31
Kappa 0.594 5 0.4790 0.537 4 0.681 1 0.716 7 0.866 1 0.937 3
OA 0.700 4 0.568 6 0.634 6 0.766 4 0.784 1 0.897 5 0.9527

i 3T, FCM & SSC & 1 \LRR 2 v  SWSSC 51 1y B2 45 5 rh 2 A R B AR e s, 2%
S AR AE R RS 3 200 LSR AL IL A 45 R P A 5 /D i e 3 T 38 2 4l 4 200, i FLAT 2 A 20k
S84 4 B A ) 2 s it Ak 3DF-SSC A 45 RIL T FCM H 1 \SSCH % \LRR & % \LSRA A
FISWSSCH . BRI M INAL T 25 0] A H 3L 3SDF-SSC 8L 58 125 ] WA kL RE AL, (Hif 2
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TEAE /e HUER M 0T AS SCH M ) EBSSC 5Bk 19 SR 3845 S wb Wy 43 B0 -0, 280055 0, HLIEBR T RE Ry
M 75 F S (8, 0] W EBSSC A B ny 2K MEREL T 3DF-SSC &3 . Ik A W, , EBSSC %4 #: 7£ Salinas-A
B L A R RO H H A 6 R B AR I

(h) EBSSC

(2) 3DF-SSC
3 Pavia Centre s 4 i 5 7 Fp 5 ik A5 R E

Fig.3 Ground truth image and clustering results of seven algorithms on Pavia Centre dataset

(e) LSR ® SWSS

4.4 Salinas-A ZGEBLER ST

Salinas-A $ i 4 & th 55 B B9 AVIRT & 1878 78 55 B Al 48 JE 0N 5% 0] 94 57 11 45 2R 42 B9 Salinas #214%
By /NI 417 Salinas-A BU¥ESEA 224 P BE, 635, a5 Al R ~F 8614 K X 8318 % . SSC.FCM.LRR.LSR,
SWSSC 8 3k FIA SCHE H B9 EBSSC 875 7F Salinas-A B4 45 sl 45 SR n 22 5 F & 4 s o
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Table 5 Overall clustering accuracy, Kappa coefficient, User’s accuracy and Producer’s accuracy of

Salinas-A image database

RS 2 5] SSC FCM LRR LSR SWSSC  3DF_SSC  EBSSC
1 100 100 100 100 100 100 100
2 99.44 99.32 99.15 89.98 59.89 97.24 99.92
3 0.00 42.25 28.41 98.37 49.05 98.54 69.29
il [l A
4 85.65 94.24 74.48 87.34 98.31 66.80 99.55
(100%)
5 25.00 55.39 98.53 0.00 52.86 0.00 97.25
6 66.00 95.36 99.37 59.02 96.95 98.86 94.55
1 00.26 99.74 99.74 99.49 99.49 99.49 99.49
2 39.99 54.36 25.91 56.14 40.80 97.10 91.44
3 0.00 99.17 100 88.15 37.66 87.50 100
FHPORS
4 61.44 47.21 47.28 95.87 99.41 100 86.49
(100%)
5 95.25 99.85 99.41 0.00 100 0.00 99.70
6 94.49 95.12 98.37 99.12 91.49 97.37 97.62
Kappa 0.4380 0.673 1 0.596 4 0.6724 0.708 9 0.804 1 0.920 4
OA 0.537 0 0.726 3 0.660 2 0.736 7 0.764 8 0.848 0 0.9357
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(a) Ground truth image (b) SSC (d) LRR

() LSR (f) SWSSC (g) 3DF-SSC (h) EBSSC
4 Salinas-A AR M1 K] 5 7 Fh 8075 RIS 45 L &

Fig.4  Ground truth image and clustering results of seven algorithms on Salinas-A
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