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Hyperspectral image classification algorithm based on linear spectral clustering
superpixel segmentation and joint sparse representation
WEI Hongchao, WANG Yongli, DING Xiaoyun, TAO Juliang

(College of Mathematics and Systems Science, Shandong University of Science and

Technology. Qingdao, Shandong 266590, China)

Abstract: In order to overcome the impact of the heterogeneous spectrum and the heterogeneous spectrum
phenomenon in hyperspectral images on the classification accuracy and reduce the inter-class interference, this paper
proposes a joint sparse representation classification algorithm based on linear spectral clustering, super-pixel
segmentation and spectral clustering. Firstly, the dimensionality of the hyperspectral image is reduced by the
principal component analysis and the superpixel segmentation algorithm based on linear spectral clustering is used to
segment the dimensionality reduced image. Then the segmented superpixel blocks are divided into label samples and
training samples, where the training samples are divided into two classes by spectral clustering algorithm and one
class is selected as the test samples according to the rules. The joint sparse representation algorithm is used to obtain
its representation residual, which is taken as the representation residual of all training samples, and the correlation
coefficient between test samples and label samples is calculated. Finally, the pixels are classified by a decision
function based on the residual and correlation coefficients. Numerical experiment results show that the new
algorithm has higher classification accuracy and robustness.
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Fig. 1 Algorithm execution process



B R A« B T SR T SR SRR AR AR 20 W RN A i 2R Y R O P R o R Bk « 87 -

1 #HXIE

1.1 BHRISFEHEAR

FRAZ R A3 W 2013 AR i IRUG A0 BIROR Y 2B UG A 43 B A T 58— 1950 EOR H & 1 X
B XA & T — 8 B SCHL B R 5 B S PR AR L BB AR R o WA R AR 3R 2 IR RRAE (A L KRR R
AT o3 AR R A TURAE B RORFRAR 15 L BB AL PRAT 55 O AR . I B R R s 2, KB
BRIy B WA R A SRR R BB ROSERREEZ . B 2 o 1 X [E—iFE K
PRIEAT AN TR) 23 BB Y AR R 7 H 45

T AR R I B A 03X R[] R
PSR &I R o RS AT
WK D48k, Fan 5570 B AR % 5 H)
B MEMRRR R b 2 — RO Y & et
W 7 SSLRR, Zhang 209 % T 3% _Ages
WA (5 LR B R — T D e
FEREBGENBRESTLNT RN e ﬂ
FETE R A e, Zu UV AR —Fh e = i
HE T ] PR M AR 2 (simple linear X
iterative clustering, SLIC) #8148 & /7 (35 S0 (b)zdob i
FIHARRY Lo JEBOE KR F Lo o0 BT
HSI Jp 36500k . MG g 45 R R,
NG R o B BOR BEAT HST 7328,
ANAXCRE fif R TIST [ 2 Y [ 50, 100 LAV 1 8 1 3R 1 Jmy 8 PR 5, 7T A Ol HST 3 M $2 it -5 i 19 25 S 0 15 R

HEj, BEESEH A FEA LSC?  Normalized cutst? | Mean shift"?*! |, Turbo-pixel?*' | SLICH?" &
Horp, SLIC A — B 3 75 SRR AE A9 3503 o LA JEUARL iy B R 3 1) DRk 19 00 5 i) 32 el (H R T 12 15 4 Jm 4
A5 BT A RO 45 & 52 W AR R 20 F A HOR L 3 B0 AR R B9 1 SRR AU AR B R N A T
LSC fE g —Fh B T 0 — Ak B8 04 -8 03 %0 07 125 RTINS [R) 07 12 2Z2 ] 1) 5002 45t M 45 3R B0l W =X
b B S 3] v A A 2 R o 3 Ao A 2 SR R R 42 R B T 0 A AR M AR PR T i A AR B I 4 R ), 5 SLIC A
Fb o LSC AN A B A 8 4 25 R AR 4 b3 1 18 A8 AR 09 SO 25 /) 1 FLIE A DU IR 2 s 8 B RIFTE
RE MR A E T .
1.2 EREHE

TR R — R T P Y B2 Tk L A3 28 SEARUIR R BB A b 2 N R AL e R T 2 TR A BB B /N 1Y
K53 o 385 FER I AT LA B R B0 04T S U0 R0 23 5 SR T el 7 3 530 F&T ) i v D) % e A At 2 — S S T E
P 22 TR 1] R T AT I 24 ] R A1 S At i 2 2 A S SR AR AR S8 R I £ 33 o fie 1) AL, R P 335 2 e 4 210 5 3
AR AIE o) kR i 3R A O I 2 45 4 o JF 7 IR 4 == 1) o A1) ) K-means 55 28 M7 1075 3 I A O R 45 R .

T SRR B A R B e A A S A AL AR M WL AR Rl o 1A WO T KA R AE {5 R AE )
B AR AR ) 38 A (] AR S R K-means BiH M 28 2R 28 580 10 X AR AIE ) 2 25 (] 9 Rp A1E ) 2 EA TSR K

T R S PR 4E AL T A P AL GE R 2RIk 1 R TR N v 4 B B I R RO s i .
(] B 3 2R 2 B N T SRR AS R DN o A1, AEAR R BE bl 1 R A 2 ) 43 A B 1 Sy PR S R 8 2R 26 AR
ERIFEATEAR
1.3 BEBRRRTHEEE

KA R I 32 7 43 S B0 SR AR AR IR 48 1 12 ' 1% PR A5 3  phy AR DL A 4 0 AL A DA T LA A T o 3% R E
FOHTEE T4 ok BR KRR,

45 N DNGREA RNy M. Jfid S={1,2,--.N},S=S,+S,+--+Sy. H.S, K

B2 FRBEBERESIER

Fig. 2 Segmentation results of different numbers of superpixels
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Fig. 3 Spectral curve diagram and classification diagram
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Fig. 4 Indian Pines dataset
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Fig. 6 Pavia University dataset
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Tab. 1 Indian Pines experimental data

FEA SR
Sl
2% UIES SOMP Gabor IFRF CK-SVM CCJSR NGRS
1 6 40 0.92 1.00 1.00 0.67 1.00 0.93
2 71 1357 0.83 0.94 0.95 0.97 0.94 0.98
3 42 788 0.89 0.89 0.97 0.92 0.94 0.96
4 12 225 0.97 0.96 0.93 0.92 0.91 0.97
5 24 459 0.90 0.97 0.98 0.96 0.95 0.99
6 37 693 0.91 0.93 0.97 0.94 0.97 0.99
7 6 22 0.34 0.41 0.67 0.82 0.80 0.93
8 24 454 0.98 0.99 0.98 0.95 1.00 0.99
9 6 14 1.00 1.00 0.74 0.83 0.79 1.00
10 49 923 0.95 0.93 0.94 0.94 0.91 0.98
11 123 2332 0.92 0.96 0.99 0.98 0.97 0.99
12 30 563 0.91 0.96 0.96 0.93 0.92 0.98
13 10 195 0.91 0.99 1.00 0.84 0.99 0.94
14 63 1202 0.98 0.98 0.98 0.99 0.99 0.99
15 19 367 0.87 0.91 0.91 0.88 0.96 1.00
16 6 87 0.70 0.81 0.67 0.65 0.97 0.93
OA/% 90.73 94.35 96.45 94.94 95.50 98.09
Kappa 0.89 0.94 0.95 0.94 0.95 0.97
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Tab. 2 Salines experimental data

. FEA oy KBk
i iES SOMP Gabor IFRF CK-SVM CCJSR PN 7N
1 40 1969 0.93 0.96 0.90 0.94 1.00 0.96
2 75 3651 0.98 0.99 0.99 0.98 1.00 1.00
3 40 1936 0.94 0.96 0.99 0.82 0.89 0.99
4 28 1366 0.99 0.87 0.94 0.92 0.99 0.96
5 54 2624 0.93 0.90 0.90 1.00 0.93 0.96
79 3880 0.99 0.99 1.00 0.99 0.98 1.00
7 72 3507 0.98 1.00 1.00 1.00 0.99 1.00
8 225 11046 0.83 0.96 0.97 1.00 0.88 1.00
9 124 6079 0.99 0.94 0.94 1.00 0.99 1.00
10 66 3212 0.90 0.92 0.94 0.94 0.98 0.99
11 21 1047 0.84 0.91 0.98 0.93 0.95 0.99
12 39 1888 0.95 0.91 0.86 0.98 0.95 1.00
13 18 898 0.94 1.00 1.00 0.98 0.90 1.00
14 21 1049 0.83 0.82 0.88 1.00 0.97 1.00
15 145 7123 0.66 0.89 1.00 0.94 0.82 1.00
16 36 1771 0.99 0.98 0.97 1.00 0.99 0.98
OA/% 88.92 94.12 96.17 96.98 93.22 99.03
Kappa 0.88 0.93 0.96 0.96 0.92 0.99
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Tab. 3 Pavia University experimental data

FEA oy BBk
25
i I % SOMP Gabor IFRF CK-SVM CCISR A
1 530 6101 0.93 0.97 0.96 0.99 0.93 0.98
2 1492 17157 0.98 0.99 0.99 0.99 0.98 0.99
3 168 1931 0.72 0.72 0.72 0.95 0.72 0.94
4 245 2819 0.88 0.98 0.86 1.00 0.88 1.00
5 108 1237 0.98 0.98 0.98 0.99 0.98 0.99
6 402 4627 0.75 0.98 0.82 1.00 0.75 1.00
7 106 1224 0.60 0.69 0.68 0.71 0.60 0.69
8 295 3387 0.86 0.85 0.89 0.93 0.86 0.91
9 76 871 0.62 0.68 0.57 0.65 0.62 0.64
OA/% 82.46 94.30 90.81 96.42 88.92 96.00
Kappa 0.77 0.92 0.8847 0.95 0.88 0.95
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Fig.7 Classifacation diagram of Indian Pines dataset
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Fig.8 Classifacation diagram of Salines dataset
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