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Abstract

The traditional sparse representation classification method only takes into account the sparsity of
image data, and does not make use of the similarity and uniqueness between neighboring pixels.
Therefore, a new method based on neighborhood similarity and spatial spectral joint sparse repre-
sentation is proposed to improve the classification accuracy of hyperspectral image. The method
combines pixel sparse features with neighborhood information, and uses the weight of spatial dis-
tance and spectral distance weight between pixels to measure the similarity between the center pixel
Y and neighboring pixels, namely, calculate neighborhood weights, set similarity thresholds, select
pixels with high similarity to pixel Y, and get the optimal neighborhood window. Finally, a class of
pixel Y is determined by joint sparse representation. Experimental results show that this method can
effectively improve classification accuracy and has good stability under different experimental data.
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1. 5|8

Bl E L RE AR HR I HE R, ik d e b HR by NH ERAE T EERNBM[]. =
e P45 (Hyperspectral Image, HSI) [2]9 [5G 25 o L IV 1R 88 b o't vl 1 1) 87 1) 2R SR 3 A [8] A )
TEREE FIBE K Nl 2 R A FE I HERiGEE . HSI s EEZRNHZ —REUE K13, WA ETER
N T4 25 (Artificial Neural Network, ANN). 3Z#F [ & #/L(Support Vector Machine, SVM). T4
(Nearest Neighbor, NN)7» 2845, #T4Ek, KT %~ (Sparse Representation, SR) 7377 L8k 1 22 1
PR T oGt BRI 5228, SCER[4132 tH T — P AL T 2RI 8 RINFRBR R R 20 K05, &I ERAZ TR
FHRHEAR AR R X RA MGG, Femt o R . SCHR[SITEBR G Wi s Z BT I s 6 il EHE I 3
B AT, BRI A SRR, 1 6 R 38 25 (8] X SORT R AR TG AT B S R s, $emr 170 RS
SCHR[614EH T — Rl ZE R & 23 0778, 1 BEA ROR H B G EE 161E(E B AR AME B . SCER[7]138H T
— iRl G R R A [ R R B 3 R, AR I R i 2 1 RN e H A A

I R o RAE BE, A ARG ARG T R AR AU SR, AR SCER H — b T AR I
ABRTEE (1 7 1 BB W R AR IR 23 2R TV

2. EERHiR B AR

Fii 22 77> 25(Sparse Representation Classification, SRC) /7 & MG T M R w, 514G
LA RINGRERN BNk, B G ool fEmaibEgF, MG olka rTaeE T H—%
H[8], BRULAT PAINAZS (B <0485 B, 4RI N W A oo H A — i o B, RIS s R s
B o AZAEAY AR T I 28 ) B AR IR T S s N At g oo Rl thoE o st B R C B4
s, FERIHE 0 WG, WA NGRS MATLRR N A=[4,4,,--, 4], Frh,
Ac A% C FF. RN OEIT S RAEIG T LR A Y =y, 0,00 Fod, T ARGy
MBIt HRGITT N y ARG T, ERR A MR RB A, Y il DIRIRA:

Y =[Ada,, Aay,---,Aa,|= AS (1
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A, S=[a, 0,0 | WHBHEME, o N S PE i METHME R =12,-,T ). WHEHERE S A
MBI A B A AR SR A
S=argmin || AS =Y [lo, 5L S |l,p0< K )

X, |of| . R F A Is om0 PANHBALRE P AEFAT IO, KONMRGEE o SRAF M50 R B S )=
Rrillrp BT 8 mT DURE AR ZHE X 7 ok, HFRIAHN
class(y) = arg :III%ipch (Y) 3)

et 7 (¥) = |V - 4cSe
3. ETMEHEMENSIERKEHRRERNDESZE

TESTBREGHAII L, ABIRP RO AR (7 7E S R0, 5 7E RN K 5 2% X ok ELHEREAT I & o
LR, SO IR R . AR LM I R G R 4R SR SR, e U B B S
FHETOU I S B2 I, R R 2 RO s 2 b, WA SORIUG A (S B, 3
VERRHEATCEAIII AN HT . NS THBAI4 MR, 4R PR ARSI (6 RO 5 Bk e, e A
WRIEHI AR BT (90, 45 A e AR 1870, MO B4R SR 11, PRI ISR A
ARSI TR A K.

RGBS A T R MBS, BRSO A S AR . L 2 IR
TR RN B YA R, JOHOb R RA AR E MIR A, 4O
12 2 TR FRT AR P BT B P — 02 B SR e 22 (R B FT BT R o B A R AR,
et L e e 75 0 R RO FE DRI 7 DI 7 o R D 025 (R B 1 2 IR B UL G,
S FHEIIRTE y, BRI Y = [31,32029p ] PIAMETE yo v, 2 IR DB BERLIE 9

G, =exp(=L(1.,)) )

L(yl,y,) ?'\j,f%fc Vi )i ‘ZI‘EU E/(Jé EEEE_\I%—7 %X?‘j:

NE TR, AN ¢ N GRRE AL S FIRE ¢ I P

b (V. = Vi
L(Ylayi):%;%
Ay, Ay 2 R DN O B TG RN AR ST B 7 BB DGR, b BB BRI AL
MIPR B A S, BRBSHR/N, A (A)ER BOAE RO, FRESEOR, A AR B A RN
FERDGIE R, TRt )i S S T RE A AE 2 PR G, A AR A 22 IR EE B A 9 404
AFVALAPEE S PO — vt WK TT RS AR IR 70 BT DAL IR AR SCBI N i BRI A, | SFe P15
TC I GRARBAE A SR IAR L, HRIAAA -

2
Ayl,y‘. _ exp[— ||y1 —Ji "2} (6)

)

24}

K, Ay FORFEN R M TS ARG T RS AU s y1v pin e 2P SIS AR O ARG I S
LI AGIC Y CTEAE LA R AR 2 s 1 B SCHR[9195 51 3500

ST T B R ) PR 0 s A T RN AT A SR, SR TE S S X o, AR SORE b R PR B A 5N
WA B TR s BUG o REE R, R T SO6 0 BE B9 B SR AT R MRS, 3B A ADLRE S5 AR () 46
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AR R, BRI RN T DSBS MR R SRR AT S AR 5 2. A R R B A 1 B B A E
MG I T B BRI 0B e 5 AR A T AR, RITHE AR Wy, HERIEAN:
W= j’ * Gyw/[ * A/Vlv)’[ (7)

A, 2 AWESH, FSkP 2 ) B 2R B A B S . ORI« UAE W, KT ¢
I, AR TCRDGIE AR U B, o T R X E e, FATIR A R T3 2% . JSRC BB e 4R 3K
N EAZ T O TC IS IR AR [, 7E 73 S0 0 58 % 73 2845 = AR Rg ), BRI B A0 S5 b0 Bt
FRAARE & (5 et A3 SN B2,

T 408G IO EE B AR R OB TR, B TR — I T RE AR, RIUALE W, 80K, BRIk,
SBIE AR — e VE I, BEE ARG TR K 4RI T S RPE T A A JE TR — A, BT ekl
PG X — R, 25 R S [A] 52 2% B2 DA RSO 4R s i) o0 A Re i, TE TH SRR A AR 38R0 i A 15 5 e
AR NE BB Y 15 x 150 i 20(4)~30(7) AT PATHERAS BIBUE W,y ANTITAS 30 BEAN R I v O R T B
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Figure 1. Obtaining the best neighbor window flow chart
B 1. REEMBEE OREE

H 1R, EEANE T JISRC 73 2K BNE DL IIZ TC 9 Hh O B BB L) o> n AR TTHE R AR I oK

/N, T A VAR 2 S AT FAEAN R O R T R AR AR TR SR SR AR . ARAE DL EALE A

AT B R BRI 08 T 5 AR T LR W)y, R/ INRIESE SRR T R, e &l B A
Wi R AR A T S AR BT R I B A B ZE R AR AR R TT y N

class(y) = arg U:?gp’c re(Y)= HYW - ACSCHz (8)

ST SR SRR DU AR MR I R AT AR 0 A SR B AT 3 B TR AN BN RN 7
I HAFAS A AR e B0 1 S e A0k o 5 A0 3R AL 1 7 B B 45 8 B 2 7 1) 40 2R VR (WISRC)
ABRUTR

N FE R A St BEALE I — & B 1T E ISR ARG BRI 7 A =[ A4, 4y, A |
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4.1. SEROHIEEE
SEG {8 A Indian Pines it il B HE A2 AT Pavia University 510 i 388 JEOEUHE SR 3E AT 50 01E
Indian Pines #45 4R : ZHE RS i AVIRIS ALIRAFIRAGHY, I 220 DB, BB/ 145 x 145,

A& 16 MU EFZE, W 2)fn. fEEEH, @il 25k 20 MK, B BERF] 2000 X TR
X, FEMUEREZ 10%MFRCFEAR TN, AR RIR T 90%EA TR, 17 1 Fios.

(a) (b)

Figure 2. (a) Indian Pines hyperspectral imaging; (b) Pavia University hyperspectral imaging
2. (a) Indian Pines E3IEF1%; (b) Pavia University iR 1&

Table 1. 16 Ground-Truth classes in Indian Pines
%% 1. Indian Pines El{&H 8 16 NESEZ

No Name Train Test
1 Alfalfa 6 43
2 Corn-notill 144 1161
3 Corn-min 84 675
4 Corn 24 189
5 Grass/Pasture 50 402
6 Grass/Tree 75 604
7 Grass/Pasture-mowed 3 20
8 Hay-windrowed 49 396
9 Oats 2 16
10 Soybeans-notill 97 783
11 Soybeans-min 247 1998
12 Soybeans-clean 62 496
13 Wheat 22 171
14 Woods 130 1047
15 Building-Grass-Trees-Drives 38 307
16 Stone-steel Towers 10 76
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Pavia University #(#54E: Pavia University Ff§/27E 2001 4Fid i ROSIS f&IEEIR1F 1, EE K/ R 610
x 340 ME R, A 115 NEEBL, BRI KR SCRI: Pk B o, ) R 103 MR, ZEG A SRaE
9 NI 3 54 - Wi T (Asphalt), FH(Meadows), #5471 (Gravel), B (Trees), 4> JE##7 (Painted metal sheets),
HFE + 1% Bare Soil), R I(Bitumen), H$4f%(Self-Blocking Bricks), B (Shadows), 1A 2(b)fm.
T3, BEHLEEEL) 10%MFRICREARBT IS, HAE R4 90% AT, I 2 fis.

Table 2. 9 Ground-Truth classes in Pavia University
%% 2. Pavia University B8 9 MNESEH

No Name Train Test
1 Alfalfa 663 5968
2 Meadows 1865 16784
3 Gravel 210 1889
4 Trees 307 2757
5 Painted metal sheets 135 1210
6 Bare Soil 503 4526
7 Bitumen 369 961
8 Self-Blocking Bricks 49 3633
9 Shadows 95 852

4.2. TR E

ASCAIE IS By Matlab R2017a, #:4E R %4508 Windows 8, 4 EEEE Intel Core 15-4200u 1.6 GHz.
A58 A% A5 7 () AR 23 SKG B (Owverall: Accuracy, OA)YS Kappa 250 MR AR B & SR TERE . AT
KA R, B SVM, SRC, JSRC 1 WISRC Syt 47t b, Hidt WISRC A S H 3k T
A IARABAE: (19 25 1 A W B R R 43 K07V

R E RS 2 MAHRUERME « AR ESH A =1.5,1.8,2.1,2.4,2.7,3.0,3.3,3.6 FIAHLLE &
i £ =0.75,0.80,0.85,0.90,0.95 FEAT L5 . SLge L anl& 3 Fos.

H P/ 3(a)Al &1, Indian Pines X LS4 1 = 2.1 H c=0.85 WG E &AL . BEELLESHIIE K, 4
KGR, ELLE S A =21 Wil MHEEESHONT 2.1 B, 73208 B 6 L 3 2500 19 KT PR
7=0.85 B G BERAR, MBEAR TS0 0.85 B, 432k B B 5 1R (L 09 /) B 18 KT FARAEG

90 T T T 100
——1=0.75

——=0.75
98| | —e—:=080

7=0.85
—*—7=0.90

8

®

~
a

Overall accuracy /%
Overall accuracy /%
8

£ % 8 8

-3
a

P
L

! L L
21 24 27 3.0 33 36 5 18 21 24 27 30 33 36
A A

() (b)

o
o

Figure 3. The influence of specific gravity and similarity thresholds on classification accuracy; (a) Indian Pines; (b) Pavia
University

& 3. tkE=S ¥ A FHEEBEX 9 LB ERISN; (a) Indian Pines; (b) Pavia University

H1 & 3(b) ] %1, Pavia University Hi[X L EE S804 = 2.4 H. v =0.85 BHRE it . B ELE S A1 K,
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4.3. TREGR

Indian Pines M IXEEILAT 16 Ay, S8 Mk BOREAS B S b BEALIBUCRE SAE AT 10% 0125
FEAS, HAR 90%MENMIRPEA . K 4 HEFIESLIRE R, WHESH 1=2.1, MUEZRI{E =085,

Yira=
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Figure 4. (2)SVM; (b) SRC; (¢) JSRC; (d) WISRC
& 4. (a) SVM; (b) SRC; (c) JSRC; (d) WISRC

7% 3 4 Indian Pines EIETE 10%LLHIF I T, ARGIEFSAREE OA il Kappa R%, M 3
AT DU HE 3 AR A UL (1) 25 B TG 5 B /s ST WICSR 7R 10% b5 =7 SR S 4R 73 K 2 Lt SVM B
iz SRC HEH JSRC B33 I 12.64%. 13.05%81 4.29%. HILAT 41, &6 EG 28 1845 BRIt

B B R A T4 R

Table 3. OA and Kappa coefficients of Indian Pines under the 10% ratio dictionary
%< 3. Indian Pines 7£ 10%LE 57BN AY OA F1 Kappa R

F YR LA SVM SRC JSRC WISRC
OA 0.7504 0.7463 0.8339 0.8768

10%
Kappa 0.7143 0.5818 0.8107 0.8542

Pavia University MRS O Fthdyy, [FIFEBEHLIMICEESRAEAN 10%/E RIIZRFEAR, HAR 90%1EN
TRAFEA . [ 5 NSRS R, hESH =24, MHLERIE =0.85.

Figure 5. (a)SVM; (b) SRC; (¢) JSRC; (d) WISRC
[ 5. (a) SVM; (b) SRC; (c) JSRC; (d) WISRC
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7< 4 9 Pavia University 7£ 10% 0] Z 8B LT, AFRIEEF SRS B OA Fl Kappa 5%, M3 4
A LA Y, 3 TAR AR B (1) 25 R BE A3 7 2 /5 515 WICSR TE 10% Eb A5 7 it i A4 43 250 B B SVML 5
%, SRC B JSRC Hik 3 i 18.06%- 26.11%M1 17.19%, IKIRRFFE R AFHI 045 F . LA s s
HIE7R, WISRC TEAN A i e il MR BOEE N RRRE B BRI 2 FORE B, BB T AU B R 1A%
E M

Table 4. OA and Kappa coefficients of Indian Pines under the 10% ratio dictionary
3% 4. Pavia University £ 10%EE 5B TS OA F0 Kappa Z3

F YR H A SVM SRC JSRC WISRC
0% OA 0.7895 0.7090 0.7982 0.9701

0
Kappa 0.6744 0.5914 0.7351 0.9602

AT 3 58 4 MNREERAE 4 55 5 R AT

1) EFRA SRS EXT T H A S, ARSCHRHE) WISRC SR RIL T S 10 K808, BAEI
FE AR SRR 1 EUG Ay AR O o B ISR R T A SO A RO R e AT 1

2) {E Indian Pines $(#f5 4 - WISRC 5 ik Ltk JSRC 143K 45 R IHAZ FIR L, 1MAE Pavia University %1
P By Ras AT LA W] B4R, EE R NAE T Indian Pines 2454 EIA s g2, 78— & IARIRIE
BRI P, R SR O e RS AN B K TG R T4 i 4 A 2, T Pavia University 2548 F %52
o H

3) XfHG JSRC &k, ASCHEH WISRC SykAE 25 [a) B S A [ 26 ah BN N T il PR B R, AR
BT S J2 1 A [R5 G R HUAE T AR et 0 AR5 DUAE 7 R 20 SR e it 18 5 A AL FE [
(B B B AL AR/, DRIt 7y 8 8 AT

5. &hig

BN A% SR B4 7 7 SR P Bt MR AR B, R 5 s B ) AR sskA R A 21 20 R A
TR, ASCHR T MR I 2 T AR B AN RIS UL B 0 KT i . 12T R IR 2 B A
AR, JF5IOGIE I B ARE R IR S ITC D RA SRR R, CEES I T EERNT
OB IT S ARG TR AR B, BOE B BIAE, S AR ST AR LR R BB EAT IR S AR R, R
Je R4 o /N 22 HE DUt 5 5 D b LB T I 20, B BRI T R BRI 0 S L. SR A5 SRR,
AL RENS B IR R e BRI 0 SO, BAEA B8 T B4 R ek, &P
EAT AR BLRE B 2 45 5 AR IR 5 A R R s 70 SR R 6 B2

(B A SCIIRAE SRAR AR IBAR AR N A2 AE BTN R S, 3 T 0 Ao T3 4R X, A ER %
f iy, JF HHOGREER B AL, SR 4RsME B SIS G R 72 6. BT, RS SERIRT T oy
HREFIREIN A IE WA RT3k, DR, Sl R R R & 20 24T T A
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