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Model and Auto-Regressive Model
Abstract

Hyper-Spectrum Classification Based on Sparse Representation
Song Lin Cheng Yongmei

Zhao Yonggiang
(School of Automation , Northwestern Ploytechnical University, Xi'an, Shaanxi 710072, China)

A novel classification approach based on sparse representation model and auto-regressive model is

classification accuracy.

presented to deal with spectral and spatial information underutilization effectively for hyper-spectrum classification.
spatial dimension. A new dictionary is constructed for every class to reduce the computation and reconstruction error.
Key words

The combination dictionary is designed using sparse representation model and auto-regressive model.
representation model is used to represent every spectral vector as sparse linear combination of the training samples on
minimum reconstruction error
OCIS codes

spectral dimension; auto-regressive model is added to constrain every spectral vector by its eight neighborhoods on

5l

At last, the sparse problem is recovered by solving a constrained optimization of minimum reconstruction error and
=]

neighboring relativity. The classification of hyper-spectral image is determined by computing the minimum
300.6170; 330.6180; 100.4145; 100.5010

reconstruction error of testing samples and training samples. Simulation results show that the method improves the

remote sensing; hyper-spectrum; sparse representation; auto-regressive model; neighboring relativity;

ATAF R« G AR 2 M TR ZE R R A 2
SRS B TOBOR B2 R F AL G L R X

— R FE T A

EEREN: R

i B 2011-09-16; W BB FmBHEI: 2011-11-01
20100853010) A PG I Tl K24 FEREWF 97 3k 4 (JC200941) ¥ B i,

LT 2 IE S 6 1 2k (B AR R
JETE 1) 38 IR F A A R BEIR] 9748 4k S e 1 i

PR B RS 4 56 18 5 8 TR 26 by A 1) D 35 4

EE&MB: AR AAP LS E G0 H (60634030) 8/ 5 A AR BF 2% 3 4 (61071172) it 25 Bk 24 4k 42 (20105153022,
E-mail: linsong0818(@ gmail. com

E-mail: chengym@nwpu. edu. cn

WR(1983—), B L WF 5Tk, 32 28 DA o 3 Jak 115 Ak B RS 3R ) 45 D TR A 5T .
* IBIEEBK & Ao E-mail: zhaoyq@nwpu. edu. cn

SIRE A B 1960—) L Uz LR S, E TN HF SRS L ERAR BE L B R R S R S5 5 TR BIT ST .
0330003-1

Sparse



2 i

TAEAHARL AN [ 28 3t 0 1) DI TS R A AT A 3 25 S X
[P = eSO R

H i 2 78 (SR — B R 7 A 5 Ak BB AL, it
JUARSIE T 732 19 & 3 » J0 HAE A8 5 CPR 0a 45 8 3 75
TARGF R o RS 1 2 CE W SO i
T A OG22 AR R BRI SR
PSR A DR g DG % 1 4 28 TRD RO L SCRR L6 42 R
i SR OBERLHEAT #0319 20 28 6 moOL I R R OR
R B 1) A I A AR L I 2 A 2R o
AT R 23 A LA /0N EE A R 2 Dy S S A D A
rAe . MR Z M A W A SR G5 1R OR A
TR L ARAURI T TOLIEAS B A 5 s 18]
BB R, SCIRL7 T2 R SR A5 7 7 35 i 4
AR AT OGS BB G 20 2L R A TR R
s AE R (H A h i R R 8 T 4 AR ==
2R e & Lm0 B b 5 S 4 B L i R AR R
Bt EaR IR, AR SCLA SR AR N 8402 T H. 8
G A B CAR) #5878 %) 25 7] 5 R 47 8 2Bk 24
SR Xt B SR AR 3 A [7) 7 SR 0 AR 2 A fe /N
A R 22 9 DU R S8 R LI g e 26

2 RS
2.1 SR#EH

H 3 020 B BEAE R AL AR AT AR O — 4
PRAI LR & . BB & ad SR 5. RFR 73 5 ek KK
(9 2 KO0 & 8O o s A A O eR R A R
AR % AR 5 IX HLPR S R BON T T A R TR S Y
i 7, SR BEFEHI0) 22 T 5 5 19 46
BN AR T IR B AT TR S H R SR AR AR
LB R A S DY O R e BE R SR R AR 9 I R
T RO AR R A T IR e R T
M APEA G RAEF RN IR TH R THES
) F SRR AN A RS A, LR A AR SRS X
F s L A » T 7R

minHaH() s. t.
a

Do =X, @)
Kbt o WRH ]« [0 F5 L BHCD KT,
FLR M 4, 5RO — 4~ NP-hard 1,
TEF A o AR BT A CY FHES T A [ 7
RS W ES 2 A F JURNEY e YNAD
BT LU AL £ SRR R 7T 3

a = arg[min( || X —Dalli+2a]llall D], @
Ao A IR E AR 2E 5 R BT R H
BEXE 5 5 AR Y 0 i 5K A 91 0 AR SO i o 1 £
W R L J /AL R L 8B R K )
L 1) P AT S5 B R Y e/ IS TR v SR R A R A
IR N
a=(D"D)'D'X, (3
SR BRG] A w6k BR i o 26 b, A
X e D1 B DG T 1] R AT A3 28 H ) R e S
G 73 0 AR D6 ) X, (O SR L h 2
FRE B AW BEUGAE G i B R RAE
Xi, = [aiyaly ezl 0 €Y
B X, TRV GRAEAS 20 1800 5 LT R 4T 30 i 43 e 31
T MR T X, 15k 22 L JE R 2% 2 i 1
VAR PR DU A A U9 B A f /)N 8 B ik 22 1)
GRAEAS i T 1) 2850 B 58 B 36
2.2 AR &R
o G R OG> BE AR &y, H A8 E) 43 B R
ARG AR R 5 HAR AR R AR 98 1 25 7] 56 22 L AH AR
18R T AR R 10 W 2 B [R) SRR T B0 i D 1Y
AR RS AR BERL, S [E4E B X o i
FEURHEAT Y0 . AR B8 B 7R I — 1 1T N L %
BENGEEX PO R RETAR, HZO BB E
ODBRETLIFIR A BHERRMEEAS . hmtis
() B AG S 3 AT R 8 AR R R B R e K T 4
LRI VE R PR A 3 X3 % FT R [ 8 &R IS H oy
BRIATLAAWE 1 s .

J-1 J J+1
-1 @) @) @)
4V x
i O > @ < @]
N
i+1 @) @) @)

B af; (8483
Fig. 1 Eight neighborhoods of z%,
3X3HWH T AR £
—Quai)’ (5)
K 2l FoRE BABEBER A HEAS 33 7 H iyt
B3R a; N 8 ARG R R B Fm 8 ARG R R rhls
BEINE.Q., OB E o, 18 RIMEE:

min(xf,

_ B B B
Q{.] = E‘rl*l.]fl s X1, Li-1,41 0

B
Lij—1 9

B B B B
Lijt1e Liplj—1s Lipl,j s 11+1.,+1:|~ (6)

0330003-2



LT i AR AR B R B A R A Y i o 1 A 2R

AR BRG] A m G BRI o3 2, £
Xof T ] e R AT S R 2 o 0 R O T 48 BAE O PR
K,
2.3 BRigEHE

1o G 3 287 38 AT DAy R G W B A R
FUA W B oy R0 o T W oy R TE AN AR 43

S i R P A ) B IS S DL T S SR KSR A
A6 1 B s A GE 1 B i 22 R 2E AT 2 R B A
T ZEUNGRFEAS 70 JENT BEARAIR 5 1 A7 4k B 22 SE A
L8 22 53 (9 I 254 A (19 50 56 £ 5L 1k 20 28R
2R GE o~ MR AR 254> I 9 R AL L S8 J5 X A
A B IF IS DS HEAT 0 28 ] 2 B

training
known truth N\
class: {A,B,C,D} 1L
part | - // /(2,3) \\ &patterns base of spectral vectors
- Al vector vector vector  vector
4 e
. D) ‘ 5D class € (4,B,C,D)
Srana223) T supervised O
Fuwas@®D)| ‘ - *i
) rules N
‘ / / |
N, .
band U] [
FRERCN: 11 Frnan@2) i |
>zl data set spectral vector classification result of classification

hyper-spectral image with N bands and 4 classes

2 ARESERERA

Fig. 2 Diagram of supervised classification

1o T RO 1A B 0 26 T B TR Y 22
S i S O R AT 20 28 . AR v D' T
B B AR 3 1 5 A RH S 1 o IE 8 N D' 5 £ 5 R =S
A5 6 - T RUROR 42 8 He o 2R IE B R . A S0 A
SR AR LAY L £33 1] OGBS A 23 18] 435 6 58 Il i Ot

3 T SR FLAIFN AR BB G
S

2 G T R OGS R AR B 35 25 S W] R T

x 1

data

3X3Xband

SR Y SR AR AR A i I ZRE AR 2 B 7 it |
PEAT i 1L 20 ifp » SR 5 K I AR AR 7R O T v i
W B A P 21 & T R /N A DR 2% L LK E 9y
I H B ARG i 2 0 1 TE T ) 1
TG G b 28 S T2 T AT A A 4E S B2
Ho e AGE L il TG s B R SR R E T
BE B T i) 5 AT Y D 3 1) A [ sl R L R
R AH A ) 3t 497 PR 0 P e 40 J 249 AROx v 0 Dl 1 1)
AT AL IE L B LALE SR 7326 5] A AR
T e i e AT 2 0, AR BN P 3 TS

spectral
constraint

Bl 3 JEF SR EERUFD AR BRL I 5 ik B G o 28 i B
Fig. 3 Algorithm of hyper-spectral image classification based on SR and AR models
B G 0] & AT W B A . O R AL A
(5) 3 7 8 ARk 1] 12 AH [l A AAE, B a = 1/8, 7]

oAy ] B X i3 ' 3 L AR A A O 335 A 2 Tl g 24 3R
B AR BRG] A B SR LR, A% G S8 AR A5 1 AL
(5) AP ) 25 1] 24 ACH HE Ay o X 353 %7 1R Y

BN

0330003-3

spatial
constraint
e AR
B ( /| model
:7 "
N recon— J\ minimmp
) Sﬁ ] struction _‘/ reconstruciton :>result
band mode __emor




it

e,
&

i

»g,
7

1
Xij =g X T Xy + X + X + Xijn + Xop o + Xonay + Xov ) = 0.

7

A3 DRECT 2 e i) B AN S 3 ) o E AT 8 0 i L Lo
T B B W5 A4 1] 2 1) 7 M5 T 5 2) 7 i oK A 58 12

N7 SR BRI AE A B0 A8 RS U v I 5
T SR MO AR R X LA X
GG A S B — Bl R R R i T R . S
HEXT R REARR 3 — DAL S D, AT RIR A

D, = [dy.dy,--.d¢], m=1,2,- M (8
P drn=1,2,,M)FERH CHm ENiEH
T SR A SCHRL6 ] v i) o B A8 1 JEARL, B 1
D, O X FrR. Wit m s 5 F A% SR )y
B FEM T = AHE DRI R R T R
Fig 37 5 1A AT RAGE 3 05— 4k Oy YA A O 3 1) B — )

RN 520 73 i Ay 5 5 L L AR R AT MOUIHAR L
YRR B AR 7 L ) 4R 5005 3) AR = G R b il TR
FRFRBAEAE R A 8 05 15 4 3 7 S SR g
ANKE T 5 DRI 368 453 A S A i) e 45 53 53

o T 00 Bl BE X B R A BT T — 4 i, i
X A S 1) i LR AR A [ 1 S5 fige LI 531 A
I 9 I R 4 b AT o i 5 LAY G o G R M R 2
RIAT 58 o326 . 25 B B 153 52 2% B2 4 ) L L AR SR
A/ L JEROR RO 1 JBOR i R (3D 300
(7 20 B3 O 3% 1) B R AT 20 M SR R £, YE XK
TR /MEAR TR 1] R

— RO S R I 23 AR T R 1%
¢, = DD DX st X=D.a, o)
X
0] o, —#Pu —pDu —pDu —pDu —pDu —pDu —pDu —pDu]
X 8 8 8 8 ] 3 3 3
i D,
X1, D,
X, b
X = );1’” b — D, |
il b
Xi i b
X1, N
X1, )
_XIH j+1 L Dm _
T
Qi—1,j-1
QAi-1,j
Qi1 j+1
@a, = |aij ,
Qi1
Qit1,j—1
Qit1.;
LQit1, j+1

Kb p BB S R B AR 23 [ 2R 565 2 .
HARSCH AL BRNE
D) f v 06 AR R R ot i A S 5.

7R s HEATIE WA — b . 70 Bl BE 0 3 28 A A
E— A I D, (9 Xp D, i 5 ik B
R

0330003-4



KOS JETRG R BIER B AR R Y O 4 2K

2) KA 73 B AE M 25 3R ik
fift . a1 C9) PR R R K a5

3) FA . DL/ INEE AR TR 2 o DU Ol 3 1)
(VS

Cla%%(X ) = arg(mmH X

m=1,2,

17 H i 73

4 PiEEE 5

R B E AR ST H O3 2 R A R L SR T
T8 S A e i AR AT O B S g
4.1 Washington DC Mall 5 3t if B &

B A 28 AR %t R X 5 B AR RN R
1280 pixel X307 pixel, 4 191 PNk B, #EUE %
— AN 4 (47 1001 ~ 1128, %1 102 ~229), K/NR
128 pixel X 128 pixel, B 52378 1040 % 6 by, 5
Ji P B SBR[ L i 18] 4 s

& 4 Washington DC Mall & 1 1% J& K 1% .

(a) 63,52,36 PBLAYH AR (b) HELHY)
Fig. 4 Hyper-spectral image of Washington DC Mall.
(a) Composite image of the 63rd, 52nd, 36th

bands; (b) ground truth
3 0 AR AR A i BE LA 3.5,10,20 F1 30
A1 1) AR IIRAEAS AR A S R AR 23531
R FSCHRL6 89 SR 583% L SCHRL7 19 SR 45 & % fi
Wr 2ok (SR-LO) 5332 MA SCHE T+ SR Fl AR At Y
(SR-ARO S RE 47 43 2 I ik, Ho 45 2R an 18l 5 Fros
TR RN 6 PR,

(c) 10 training samples

(d) 20 training samples  (e) 30 training samples

Iy RLE

Fig.5 Classification results

(a) 3 training samples (b) 5 training samples
& 5
100
g g0}
: Lr— 1
8 e
: i S—- B
g 80f G
g e
l —#*—SR
2 —5—SR-LC
—2—SR-AR
60 : ‘ . ‘ |
0 5 10 15 0 = -

Number of samples from every class

P 6 AH Al RE AR 23 20K B Y X EE
Fig. 6 Comparison of different classification algorithms
using the same samples
B UL 56 BE LA BOREAS o (EL B S TR A A L AR 3
SEIEARNS T 55 S0 W R B A ] B U e A 202K
R W] P e LR R A A 1) AR BERLE 8
AR 23 ()45 B 2 8 58 5 20 fhy T 3 20 38 5 i, R
B 1 ARLL G T A i 7 SR A B 19 1R 22

4.2 Indian Pine Tree 5 3¢iE B &

PG I S8 [ EDER 22 200 M1 04 I ¥ B 26 22 1 JEask
B X B — 40 G 7 Ca) B . I BE B RN K
145 pixel X 145 pixel, 3£ F 220 M B, B F—8k
P B (104~108,150~163,220) [ M 7 5 Wi 45 hy ™
HL RIFAAREN T . HS2g Rty 16 2Ry,
W 7Ch) s Horp 7 28800 i T GRAE A AN R TF

iy W®

_,|.FI||||I

& 7 Indian Pine Tree &G E 4% .
BBy & B G 5

(a) 50,20,17

(b) 5L

Fig. 7 Hyper-spectral image of Indian Pine Tree. (a)
Composite image of the 50th, 20th, 17th bands;

(b) ground truth

0330003-5



2 {1

PR

H T AR BB 63 0 25 18] £ 5 BEAT 200K
BWEHR I FEAR 2205 3 2R 5 R R R W IR B X %
PG AT BT 0 I 1) O 5 Z20ms RE A 1 1 ] (3]

N
. i

(a) 3 training samples  (b) 5 training samples

~N TN
™ B
[ |

(c) 10 training samples (d) 20 training samples

27~94,47 31~116) . iZ FEI & 4 KM, 5 K45
FRnp 8 iR s 2) & EMGR . & F 9 K. s BIF
FASCHRL6 JSR B33, SCik [ 711 SR-LC 5533 f A 3¢
SR-AR S gE A7 M0 L 25 A 9 TR .

. 8
r

I g

(e) 30 training samples

Py

K8 TR R

Fig. 8 Comparison of sub-image classification

100
| @
S o " %
% A// 5 8
8 B /,/"'
5 80 B,,-EY
Q
b=
n
&g 70t —=—SR
&} —=—SR-LC
—=—SR-AR
60 1 1 1 1 L
0 5 10 15 20 25 30

Number of samples from every class

80

_ 75}

B

Q

5 701

=1

2 65}

S

L] L

7 60 —%—SR

S 5 —5—SR-LC
i —2 SR-AR

50 1 1 1 1 1

0 5 10 15 20 25 30

Number of samples from every class

9 AEFEERHSELE. (OTFRE: b)2E

Fig. 9 Comparison of different classification algorithms. (a) Sub-image; (b) full image

B9 () FoR AR REAR T o = B33 114 0 0 JEE
X HEZE SR L R LA SOR i B ARG 1 0 SRR s (A
B 9(b) l LLA Hy =0 53k [ I i BE R 5T g B
Go T R AR 9 JRPEAT 02T 55 50 7 R
WL 5 50 AT AR A58 A B 25 () 2 AR . 3
Z MO T 22 S BEAT 70 26 AR SR SR FIE AR
P RBOCR S B AR+ W .

5 & ik

6 SR BRI F #5645 2 IR SIA AR B
RO ST, 7 SR b AR B85
SO B A4 i A KR A T S 4
R H N L SR O TSR A A T 0%

327
>R
o

&2 £ X #

1 Li Shanshan, Zhang Bing, Gao Lianru e al.. Research of
hyperspectral target detection algorithms based on variance
minimum[J]. Acta Optica Sinica, 2010, 30(7): 2116~2122
ZEilnle, 5k S mEW S BT O 2 RN EDERE B AR IR
HERRIEL]. 4, 2010, 30(7): 2116~2122

2 Zhao Yonggiang, Zhang Guohua, Jie Feiran et al.. Unsupervised

classification of spectropolarimetric data by region-based evidence
fusion[J]. IEEE Geoscience and Remote Sensing Letters, 2011,
8(4) . 755~759

3 Liu Xiaogang, Zhao Huijie, Li Na. Feature extraction based on
multifractal spectrum for hyperspectral data[ ]J]. Acta Optica
Sinica , 2009, 29(3) . 844~848
XN, BCE, . A W, T 2 W T 0 O 1 RO R A 4R
LI B % 4R, 2009, 29(3): 844~848

4 J. Wright, A. Yang, A. Ganesh et al.. Robust face recognition
via sparse representation[ J]. IEEE Trans. Pattern Analysis and
Machine Intelligence, 2009, 31(2): 210~227

5 J. Theiler, K. Gloce. Sparse linear filters for detection and
classification in hyperspectral imagery[ C]. SPIE, 2006, 6233:
623301

6 Qazi Samiul Haq, Lixin Shi, Linmi Tao e al.. A LI1-
minimization based approach for hyperspectral data classification
[C]. Proceedings of 2010 International Conference on Remote
Sensing (ICRS), 2010, 2: 139~142

7 Yi Chen, Nasser M. Nasrabadi, Trac D. Tran. Hyperspectral
image classification using dictionary-based sparse representation
[J]. IEEE Trans. Geoscience and Remote Sensing. 2011.
49(10): 3973~3985

8 Hu Zhengping, Jia Qianwen, Xu Chenggian. Pattern recognition
with reject option based on sparse representation combined with
manifold distance hyperspherical covering model [ J]. Signal
Processing » 2010, 26(4): 533~538
BIET, BT 3C, VP Uk, T M Bt 2R 45 45 AT BE S 09 1 Bk
AR 2 BT SR ST MR AR [0 ] 45 5 A2, 2010, 26 (4):
533~538

9 Seung Jean Kim, K. Koh, M. Lustig e al.. An interior-point

0330003-6



RO RETR AR R R B A R R s D 4 2

method for large-scale L1-regularized least squares [J]. IEEE J.
Sel. Top. Signal Processing , 2007, 1(4): 606~617

10 Gao Rui, Zhao Ruizhen, Hu Shaohai. Variable step size adaptive
matching pursuit algorithm for image reconstruction based on
compressive sensing [ J |. Acta Optica Sinica, 2010, 30 (6):
1639~1644
B BREE, W1, LTRSS Y8 5 K E N T S
BEARIAL]. kg Fm, 2010, 30(6): 1639~1644

11 Shi Guangming, Liu Danhua, Gao Dahua et al.. Advances in

theory and application of compressed sensing [ J ]. Acta

Electronica Sinica, 2009, 37(5): 1070~1081
AN XIFHE, mokA S R4 R K OS] ].
W F F IR, 2009, 37(5): 1070~1081

12 Xun Lina, Fang Yonghua, Li Xin. A small target detection

approach based on endmember extraction in hyperspectral image
[J]. Acta Optica Sinica, 2007, 27(7); 1178~1182

SR . 7 AR,

OB mOGHE R PTG UK/ H AR

KW A8 9 B FE 07 BB SE D0, 3 4 4. 2007, 27T

1178~1182

0330003-7

EERE:FLE



