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Abstract
Hyperspectral images are rich in spectral and spatial features. In traditional methods, the spectral
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features of hyperspectral images are often used while the spatial features are ignored. Joint sparse
representation solves the problem of not using spatial information in the representation method,
but it is sensitive to noise points and insufficient use of spatial information. In order to solve this
problem, this paper proposes a hyperspectral image classification method which considers the
correlation between pixels and spatial domain information. The method firstly uses entropy rate
segmentation to divide the image into different sizes of super-pixel regions. Then, the correlation
coefficient between the test sample and the training sample was calculated, and the sparse coeffi-
cient was obtained by joint sparse representation based on the super-pixel region. Finally, ac-
cording to the minimum reconstruction residual and correlation coefficient, the test samples are
classified by decision fusion. To verify the effectiveness of the proposed method, Indian Pines,
benchmark hyperspectral data, was used in the experiment. Experimental results show that the
proposed method can effectively improve the classification accuracy of hyperspectral images.
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1. 51§

G e % (Hyperspectral Image, HSI) & = 1 328 JER B AR 7% HL % 252 1 FEL -3 5 BOGH s 4 e 458 18 T
B3 . LTSGR 2 R, w3 E RO = MG R X AR g0 A0k[1] [2]
[3]1 [4]. HupTih[s]. FREEHE 615577 HISHT Z .

ECEMP T CEIT R T2 TR EE K15 288, HlinscRem A L(Support Vector Ma-
chine, SVM) [7], i n7r35(Sparse Represent Classification, SRC) [8]%. 7E{# ] SVM X} HSI #4773 280,
FUERT HSI FpEEER, RRAEGREAGER, FS MO RSRAMER R, BT Ron K
TIE R DAESRBOGTERAIE K [RI 56 Bl A AR 402, FEEMRAC R T R 72 [8] [9] [10]. FRBR i F-
TENIRMATBR DA B R SR [11], HoAp HFERE A NE 22 U, B argmin||y — X a5t ||0‘||o <M
[9]. HIT O-VEBAFEAERARMMESE ), Fril Zhang 25 NHRECH T 1-VEEUIRE O-VUBGIAT AR, B
argmin|y - Xa|, st ”a"l <7, KK TIHHEE[12]. (ANAMERZRN HSI BRI T /0280, H%A %
R TS B, AR A BRI TT UG R 5 HSI BHR IR 5 K5 B[ 13] . T52 Chen S84 1 B Mk % 7~ (Joint
Sparse Represent Classification, JSRC), HMIAFEAR 14505 BRATRIH, GRS T2 E[14]. Ja8h
FHFAE JSRC AR b, RPIZREATE S AT Ak [15], HUAS TR T JSRC 4 Rk . HRAEf A
JSRC K, HARARIX IRk B2 [ 2 KN W x W 5, X 515040 2 AR X SRR AFF . Zhang 25
7E JSRC [ FERl b3 Y 1 5 T8 48 2 I TC 5 Wi 5 2 7 152 71 (Superpixel-based  joint sparse representation,
SP_JSRC) [13], wufil  HHABIX IR A AEAE 2 N RAME R 2258 43 SR SR (1 R R

{RAEAE FI R 20 BB AT AR R A RIS, H T )78 o5 i B e, (A 0T XN S AP A i
TN FE AR R e, PR R AR . AP T ARG A DS R BB AR B A  E
Feon it B4 525 (Fusion of correlation coefficient and superpixel joint sparse representation, FCC_SJSRC)#
B, AR AR SIS B R 2 RS R A Z TR A G, DU PRI 50 AT B 0 o) . 27k o
% FH 3% 22 73 %1 (Entropy Rate Segmentation, ERS)¥ &I 73 A [FR /N AR R IX . AR5 TH BN A
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=+ He
/N

SNGFEARN PR R L, FEE TG RX BTGB RN, RGME R &5 N /N B
ZEMIAE R RBOIAT R R G 7328, I NS A Pl SPISRC Al CC.

AL FBEMZH T £5 2 WEBENE VBB ESF BA MR R REOTER ARG
Wo 5B 3 WA T ARSI FCC_SISRC J7¥ki. 25 4 it LU 7 B 38 UE AR SCHT 4 77722 1A 201k
G, 5 NAhERERE.

2. HHXIEP
2.1 BgESE

W 20 B A PR, RES 1 SLIC, ERS PRI TEfIf, M iRk s, T2
THBB T #. ERS & — M T RN BI7VE[16], ¥ EEEIFHEMS NG =(V,E), VERRITHE S
T—MER AR T REE, E FoRm V X MIIAZEE . AL ZIAUE BAH AR R im0 e AR R
. BERSFMHRRKE K MEENTEERFNTEG=(V,E"), HiE cEREENLEE.
HHERZ 2 B B bR & BT E LR [13]:

max H (E')+ 2B(E') 1)
H, H(E') M52, B(E') A FHHL A2 0 A FHAFIRLE .,
2.2. BRAWRETR

FEEDGI G, kA F— MR T F R4 72 m TR AR R T LU R A [
— R BERANMRIR[14]. X MRS T im0 B o R R T RS . R m Gk R e
A C AN, A | IR SE N MR RINZREAR, IR N ASFEA H T B 56 £ 157 8
D, e R®M (B oMl BUECRE), D158 1 RIME— M A x e R®, AT LU IE L 25 @ [14]:

x=D; ¢ 2
Forb o FRBE x HHX T4 D, MR R 2

A x FIZARA, TR NS A R e & T HORER B R x, A

D=[D,,D,,-,D;,,Dc]e R*M, HHIN=N, j=12,C. Ht, x WLAEMLIT:

x=D-a ®)
Ko =[ay,a,, 05, ac | € RN /& X AHAS D AIRREE 2R Ao Lk i 8 AT ARG SR M LA e A 1) /2 [14] -
min||a||0 st. x=D-«a (4)

Hob|, &R« PRAEFICRA S LR —A NP-hard i, #] LU 1E 1E 52 T AL 3E £ (Orthogonal
Matching Pursuit, OMP) ByE R AR [17]. RIFM LR A MBLfa, x FOZ0 T iE s DT 07 SRR [14]:
class(x) =argmin|x—D, - | ,i=1,2,,C (5)

DL R BT VSR TR 2R GREAE, 20 T A IRRAE . M B 2 LA SR A, b
BR8] N T MRS Rt T ARSI, (R R (R MM Al
B TR x, 2 UGN X € R™, K 477 x TSR R HOR . T x (IS FE 4 KFR N19):

X=D-A (6)
HAA=[ALA, AL A e RYK R X AAET D IRHASL A € RV 3R X HIXT D, Ui &
B AT IR A, T UEIER LT 9 REL9):
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min|A| st X=D-A @)

1] oo TR ERATIORCR . UL EARAL FE IR NP-hard [, WTLLA] OMP SRff. 373 A J5, x
FR 21 FT 3 e DA 2 (8) 3R 43 [19]:

class(x)=argmin|[X -D;-A|_,i=12,-,C (8)

2.3. HXEH
FHIR R HOT U RO T N AE & R S A G . ARME R Z A E R BT LHE R NME R 2 BB TR
ARG FFAEEFEMEE X=X %0 % | Y=Y Youo Yy | FARSGHEREE Bl R [20]:
Z?:l(xi -X)(¥;i -Y)
VL% 2 (- 9)
1 1

Hop X =3 % y=az§’:lyi, ~1<coe(x,y) <1, |coe(x, y)| BEHEE 1, o X, Y HIARSR M.

3. MAHEXAENBREKSBHERTHELIEE GRS K
3.1 BBEERARAERT

TEALGE I S MR R s A B vy, LA [RDE A0 X B 4 W WL [X 3. 8T, 7E FLSERME bt
Yoty oA BA AN, [ 58 /N R AE sk p A BEAAAE 2 ), om0 7 R R T2k TR R )
FHR S MR R (SP_ISRC) J5 ¥4 [21], K BG K 70 9AS R R /N R [R5 IX 35K, 4 ) J X35 A 6 P B 5 s
FORTTIE T LA LR e A IR, S B I B e Ik . 120790 5B PCA SR HSI (58— /7
SRJER S — o B ERS 2331, 2 BN R BTIXIK S =[S,,S,,-+, S, | » L RN R R IAL
YU T AR R B B M B R s 9«

coe(x,y)= 9

min||A||m0 st. X,=D-A (10)

DUIURRARE A x (9250, mlda R 20(11) 3k 45
class(x) =argmin|X, —D,-Af_,i=12,-,C (11)
(7 5 X3 Rl 73 T LAV R JSRC Hh T R/NX A & 2RISR, (R T R R A H

ABBPERR R, TR EER MR G MR E S IRRARE S 2 v IR B0, bl — DB R A A
Z IR FRAR SR o 4 Hh R 45 A O 2R R AR BRI 5 B (VAR OBl bR 7 L, 2 e Y Y e

32. MEHEXARNBRRRSHBRRTHEIEE KRS X

N1 RE— DR 5, BATR A Z AR & BB R R G MR on i A b X T4
—IAB R x, RIS RSONGREARZ R BAI N, FHEBE PR, BT N SR B E N
MAREA 5 Z R GRAEAR ARG, B

coe(x, Di):%icoe(x,d;) (12)

Hoddy R H T BIE 0 MUIGHEA.
¥ CC 5 SPISRC #EAT RHERL A, FFSINIEMALSEA, M BREARIFREE AT iR 20 e -
class(x) = arg min(||Xs -D,- Al +2(1-coe(x, Di))),i =1,2,--,C (13)
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4. W55
4.1. SEHHURESR

Indianpines £ 4E: I AVIRIS & 2875 B S 224l N PG A6 19 BN 2 2 hn il 3037 K48, BL7 145 x 145
2R 224 At 5T, DKUY 400~2500 nm. EFR 20 &S A KRB B, A qd 4
) 200 AN BH T4 2t 7t . 8 16 AN, K ARIED.

4.2. AN IEIR

N T VPR RE A SO SRV R F 1) 23 R P REVFAR FE AR, 43 il A2 S 4R FE (Overall Accu-
racy, OA). 5|43 24 i (Classification Accuraryof Per Class, CA). JS5ISF- 1445 & (Average Accuracy, AA)All
Kappa £%L.
43. EWER

FEARHIESE T SYVM. SRC. JSRC. SP_JSRC PUFh 725 A ST t 1) 757% FCC_SISRC AT b
SEH, IR 1 FR:

Table 1. Classification results of different methods (%)

® 1 NEIFEDLER(%)

I SVM SRC JSRC SP_JSRC FCC_SJSRC
OA 79.04 68.97 95.07 95.78 97.01
AA 78.57 65.26 94.01 96.29 97.02

Kappa 75.93 64.57 94.37 95.19 96.59

M LR RAEH, AT ) FCC_SISRC &k 7r K K 54 97.01%, #HLLT SVM, SRC, JSRC,
SP_JSRC, ACHRARIERE /3=t 17.97%, 28.04%, 1.94%, 1.23%. H/r2845 RIKE 1 fis:

Figure 1. Classification results (A) standard classification result; (B)
SVM; (C) SRC; (D) JSRC; (E) SP_JSRC; (F) FCC_SJSRC

B 1 ERERA) RESELER; (B) SVM; (C) SRC; (D) ISRC;
(E) SP_JSRC; (F) FCC_SJSRC
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