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Spectral-spatial Classification of Hyperspectral Images Based on
Neighborhood Collaboration

NI Ding? MA Hong-Bing?

Abstract Hyperspectral imaging can provide rich spectral information about land covers, allowing detailed analysis of
the materials on the earth. To address the high dimensionality, lack of sufficient labeled samples, and computationally
intensive problems involved in hyperspectral image classification, this article presents a simple and efficient method to
realize high accuracy classification with a limited training set. Taking advantage of the rich spectral features and the
spatially homogeneous property of land covers’ distribution, the proposed method firstly employs feature extraction and
spatial filtering to reduce the dimension and the noise of the original hyperspectral data, and then uses the proposed
neighborhood collaborative support vector machine (NC-SVM) to classify each pixel. The NC-SVM further exploits the
spatially homogeneous property of land covers’ distribution by combining the discriminant information of neighboring pix-
els to make reliable class judgement for the central one. Neighborhood collaboration can efficiently reduce the probability
of misclassification when a small training set is available. Experiments show that the proposed algorithm can achieve a
higher classification accuracy without significant increment in computational cost than several state-of-the-art methods.

It can realize fast and high accuracy classification of hyperspectral images with limited training samples.
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Citation Ni Ding, Ma Hong-Bing. Spectral-spatial classification of hyperspectral images based on neighborhood collab-
oration. Acta Automatica Sinica, 2015, 41(2): 273—284

G GRE A (] WOt o6k 5 MLk,  ZRAMIKEL.

TG R K RE 8 SR AT N W OIS R,
AT BEAT S VR 3 4 BT, A H AR R I
Moy 2 . ARPORIN I L G R AR RO R
ARAEARAEYIAL™ - BRI KF VPG 75586 LA
LB AT AE U B BN T, 3 LR Ok

Wk T 2014-01-16 sk H Y 2014-05-15

Manuscript received January 16, 2014; accepted May 15, 2014

ARG IR e (863 1K) (2007TAA127149) %l

Supported by National High Technology Research and Devel-
opment Program of China (863 Program) (2007AA127149)

ALTHERE o1

Recommended by Associate Editor JTA Yun-De

1 RF T LR dt 100084

1. Department of Electronic Engineering, Tsinghua University,
Beijing 100084

VF 2 G i d I (1) 25 Rl AT 55 2 BIE 7 28,
rn G R A AR T R A A = . IR AR D
250 B BN BT ) Hughes MU %P REF #0402
(ISR L) REME R U M AR v dE . NFEAR
2 2] 1) ST IR B AE e i B o AR R N
FH=200 R AE SR E AT LA /N 63 2 18] A S Pk, BR
RHFFIESESL, 75— e 2 L nT DL f# Hughes B
5, T LAAE w61 G A S b A g — B FH I 2
P A B 17

B 7GR AR, A AR AL i B R R
WHAFELAEH. SO Z WA S A BT



274 H | 1k

F {1

41 %

T FEHE U 1000 B G o, 2 1) 84000 15 25 7
FE I T ) 2 i, B M0 53 1 0 2 1 P ),
KL, 205 B (49 K630 3 2 5 5 02 T

A& A 0 1l — 2 B 43 LT 10297231 o TR 11
M T2 PR IR AR 2 )R AE 3 HUR 73 28 )5 Ab

BLOHT A S PRI AR AR, AR5 R T A T AR AR A
JCI R A Y 2R o A AT B8 53 2. Camps-
Valls S5 ] 2% (W) ME /5 220 O 23 (R REAIE, @ 1 &
JSAZ ) 7 356 DG R AR A0 2 () RE AR R AT R T
537 FF M H AL (Support vector machine, SVM) (7,
Gurram 58 I 7E#% Hilbert 2% [0 B34 5] 45 1]
HRL, PR TR TR R AR E RS SVM. 4
H 778 Fauvel S EMRIY R L& # R IEAE R
2R [REAE, 45O R IE AT I 3 280, Qian %%
I 3D /i Z ] P&l 45 () SCBRARRAIE, A 4 ik £ /)
PERBOR T o A8 2328 b 3 1) 7 h A2 o
REAMEE M, SR Sl o s TR S Ak B B 4 2K
Wk 7. Tarabalka 25§ H B /R BERBENLZ AT SVM. (1)
Iy B BEAT e A Y BR0O. Tarabalka 455623 ) #E47
SVM 15 %4y 2581 ISODATA /EM &5 53 %1, R 5
MW ik 22 B SRR 4 B AT 43 2622 Bai 4%
H5EH SVM HEAT BUR R 73 3K, i BT (5 4R
KIMGZEAEA Graph-cut [FFP ST R 5351 5¢
J PG oy S5 R3L RIRGE AR W, 2% T ARRAE S S R R HE AR
G55 AT LUK I/ 73 2R S 49 31 50~ 1) 73 28
.

CUAT IR 590 AR 43 2R ke 22 T B e 22 S5 )
RS T TR AR AR BT SR IU [AREAE, 3 24 1k
A EL I T P 4 WU A0 1R S il %, 1o H e AT
—MEFIEE T B RN, R 2 a4y o)
RSB I% R HE. A8 ) e 2 5 ) 2 TR R 1 A
ot b JE T AR B R, BRI A M) 43 A 1 s RSP
SOk 2 T SR UK 2 00 23 A, FE 53 2R R [R] I A
THT ) 53 S 45 BRI G A B () m] SR, oy R RE
ARIERY . SR b n] DLAE 4 S g ) i R v
I A T B RSB R AT IR 8. Xk, A
SCHE M T T T R [ ) SR ) B AL 43 2K Uk
(Neighborhood collaborative SVM, NC-SVM). i%
TIEAE G ek R vh 7843 R FH T 4 23 A 1) 1)~
R, AT RABR S 20 1A) I AR A% 3R 1 A B o5
FATE H AT SEI 2 )

A SO T SRt v R BT R AR S HURT %
(P8, SRJE A NC-SVM #EAT 4328, #EANHVLM
TR 1 s, FRAESRECa] LA BRAFE 2 18] R AH
KMk, 75— R EZE Hughes BL%. 7% [A) Y& o)
DAYk /N P TR 4, S s AR (AR e 1. SEBr b, K
W Rk R AR AR AR AE SR BRI R, RT3k [7]

R BIEAE A 2 TRk 720 280 B, ASCARE A 31k
BERIFIK) SVM BE4T 702K, I AR W A AE XS 3 M5 R
AT BRI, AT B2 AR R A 5 KA
1117 HL 2% 18 3L AT (10 0 a1 i, AR 8 I 22 T 400 ) 4
P 25 RAEAT I gk, DAL NC-SVM. 773 2K
Bt — 20 AT ) A 0 20 TR AR, 30RE KRk
ANERT IR, 9 A R e — Bk, B O
AN R SEVE AT LG, ARSI m] AAEAS W] St 19 o 55
DU N 0 P R N R R T A
SRR DL, ASCNERIARTHRCR M &, 7873
R T ASCHE A A S HIPE.
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Fig.1 The flowchart of the proposed algorithm

AT ARSI 22 (W) g P AP 7]
PR 3 ABIR. ARSCHGE W R 51 R 2y
LA SCARE T PR e I i R 5 92 00 2 ) 0 0 s 58 2
TR 4 NC-SVM. [REEA S5 B S8 73 A AR LE
FE2 3 e BR 2 4.

1 $FEIREN S == 8RR
1.1 4¥ERER

R I e RCRT A O B S A JE A [ B RO PR ARy
MEAERL, E— R LA BT 25% Hughes %, )
Ab, e 6T B A AR B — AT AR BOR B A 5%
P, R AE SR IBCRT RO/ AR IR, $m o AL
L, AR — R R B AL BT B, R AR SR
UAE e i G o R A 3 )z R 1T,

A K H NWFE (Nonparametric weighted
feature extraction)!'®¥ WATRHIEIEI. NWFE /&
—FPAE T Fisher JEH A I ERMESR UL, #45
PRACFEAAERF AL 25 18] 1 30 A, 38 I3 2 91 320 ¢
REAEAS BE ORI BCER, A AN [ 2R 531 B AL AE A ) 1
R I 2 (AR AT SRR 23 F RE, MDA v P 312 R AL
I 7 HE] .

BB IR N B BB ARGy STV, 2R Iw] 2
BUREARRE Sy SNW NWFEFE [ gt 420 (1)
IR & AR SCRFAEARDN Y. BROHRFAE [1)

Sy = ASNWy (1)
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b, T R B IR R ST R S )
A, JE R AT IE A AR, B

SV = SNV 4 ding{SYV}  (2)

Hrp, o AP HEE (ER T RE = 0.1), A
A 1w 2 DL SCHR [13).

SRRSO, W FE o 73 M (Prin-
cipal component analysis, PCA). £& ¥ F 5l 4
#r (Linear discriminant analysis, LDA) % AH Lk,
NWFE 767> % & T BEAAERF AL 25 (0] (A7 B 20 AT
TSI RFAE AT S8 1K %0 M5 5340, NWFE A
17AE LDA [ A7 AEEBR G O ¢ BFEAR R Z 1IN ¢
— 1 YERFAE), REFRICE 2 M5 ME B A SO SEE
B AR T NWEE I $ BURFAE i 28 ) v 2240 1
HoAb T (W56 3.3 719). PRk, A8 — P 2 2o
T #FB, NWFE {EmD6ilk g Kb 432z
3 19,13
1.2 ==EER

P T 15 M 7 S5 DAL 2 R e, () ol b A2 1) D 1
W RIS R R BE B 8. 2 6l 4 A s i, i
bt 00 T 5 R 0 T) ) ARARLE S o, 45 2> )l
GRFEAR (1 RS B 2 I8 ok ™ 8 R #E RS Camps-
Valls 25071 (15286 25 AR 0, 45425 [ S e fE 3k
AT R DUR R S 0 R B DAL, A7 Db i
REAEREAT 25 )8 i, DAV B M 75 1Ry . SR, 25 1)
PEVE B Pl D AN [ A 2 TR T, 75 004 3 R
ENGIES BRSO & Pl IR D = =1 s Y
RE. Wik, AR SO FH X2 i % 26) 304725 () 3, AE
TH B e v g 7 1) ) B 1T LAAE — e R b A7 R R
R e R FREAS SR BN By s
Fle) =+ [ w(@v)o(F@). Fu) Py 6
Hd w(x,y) WA ENE, F(x) MEE 2 1
FHIE, ¢ (F(x), F(y)) R AEAHMPERE R, Q ALl x
O AR, n AACE IR —4 R, Bl

7= / w(z,y)é (F(z), Fy)dy (1)

s, w(w,y) A (F(x), Fy)) WBOY
5o 4,

12

wia,y) =e = (5)
o(F),Fly) =e =% (6)

M (3) FTEAE i, RULBE P AL BEAT RFALT- T
I AN RS T LA AR AL BAS B, % 18 T el

Z B R AE AR . T X IR G 25, OB iR AR
EIRARARL, U3 8 A 1 T v 07 2 () . 0T X 3
G2, A 0GR AE 22 5/, % R AR DL
AT G S LA 1 6 WA AE 2 57K, % B TR
PERLT AN, DAL 7T LA/ AS [ 0 2 1 T4
DL, X2 B 7 AT R I e 75 TR R Ll L, wT LA
JRU N DX A0 5 1 . S B A P A
eIy FNE RS WSO AL G O Y /R e B (492K
R 0.5% ~1%).

2 ETEHhEINZFEEN (NC-SVM)

AR R T AR B R] PR SR 1) AL A A%
GEIK) SCRE ) BEBLIEAIL L o 2% 5] 3T SR A AN 1) 4 ke
A A S B DR A e B, AR
SRR A AR ST O R 22 . R T e ik
GEISCHF B HLREAS S L, RS A GHASCIR AT R0
PR B SE BT,

2.1 £% SVM

T IMGFER {(x1,v1), (B0, Yn) }, T €
R? Ny d ML &R, v € {1, -1} NRRIFR%E.
FZ WL D (-) o B 4f e i MG 4 2 TR) W S 21 v 4 1Y)
4% Hilbert 25 [0, XN IZRECH K (z;, z;) =
(®(x;), P(x;)) (ACHE— KA AR FEAZ K EL (Ra-
dial basis function, RBF)). Al 73 21 g 5 Ak,
¥ SCFE A B HLZE B 2B Hilbert 28 (AR AR W1 R A
i) .

) 1 ) n
g;ﬁlgi{zl\w\l +C;&}
s.t. g (((xi), w) +0) > 1 ¢,
&>0, Vi=1,---,n (7)

Forb, w, b KRBT, €& WA R,
C A 4 10 S A B AR 4 5 2 AR,
SR BB I B 1 2 .

7 FEGH S5, S 00 £
ATt

mgx{z a; — % Z aia;y:y; (P (), ‘I)(%»}

ij=1
s. t. Zyiai:(),

i=1

0<ag; <C, Vi=1,---,n (8)
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Fig.2 The schematics of kernel SVM
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XK SCaRAIL 73 SRR A3 R 5k
fl@) = (w", &(x)) +b" =

> aiu(@(@), e(@) + b =

> aiyK (@i, @) + b (10)
=1

et SVM HEMRYE f(x) MR T RATHEA
FR I, SEFr L, f(2) BR/MB A S A R
fx) ZEXHEMOR, R o 85 F i B e ik, TR
DA T 0 2 ) R AT AT BE . R
ASCHEHR W PI5E T AR Y Rl SVM. 43254
2.2 iESRRE SVM

N GRFEARA LI, YIZRAT 2 10 70 Fr i JF A fe
AT 2 A8 2R (R AU A e 4 2 18] R A IR L, 3R
Ak Y5 B I (RO REAS AR 5 4 0, I PSR AIE
R DX BEAN K, KA T 73 F TR, 3N 4
G (A 0 S T ™

R AR 288 J Pl 45 b 10 2 A (1 72 TR R 2, A
IR AL T A — 25 RAE ARG R AT
WRE X2, R R O FEA IR 0 R, LA
JRER G 3 FroR. HINZRREARA LIS, SVM Il 2k 45
B R 3 Fr T AN BE 42 100 5 WS R A ) o0 A, R
A RENT T S AR (520 1); Bihofis
BT L, TR B b e A T A
FHRHETE R LA 00 Sl PR (P20 3), EIX
SefGO0 N A REAR AT 2y A B . R

1, R AE LB L AF 7R 8 2 1) RES 1E A 23 2K (1) [ 5
FEAR, AT 78 70 i B 3 2830 40 1) 28 0 D5 5 T Lo
AHYHEA 1, ITT H IR 702K, R AR I SRS o
FLASFEAAS Bl BE LA 70 SRR DU A 22 SR A 73 K
B (10 2).
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Fig.3 The schematics of neighborhood collaborative
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PRI S DU T S5 A 2R R, Xk, AR SCHE
R BT I AR E Y SVM 432K 057k,

WHLMEZE N 2o CARURTTE, oy BEn] R
R, NI RRAG ZRRE), 23 MU A0 A il () 45 &
K Qo) = {xo, @1, T}, AIE X NC-SVM
() 51 bR A

f(xo) = ;ijf(wj), x; € Qzo)  (11)

oy, f(zy) ABRE z; B SVM it (X (10), w;
MG xy NNIRCE, n AREE—R . A
K B Y AR
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w; = ¢ Tl = (12)

Hor, med(-) RoREUHE. ¥ 2 W E NIEARE

OREARFE S B E, 515 R4 — T A0 A 42

PRI oTRR. 2 O AEARL T PR M) ()3 S

AIAE— s R by N AR [R) A A0S HE ) R 1R 52 i
¥ (10) AR (11), W45

k

Z)%{ﬁi@%K@h%)+w}_
i=1

1
N

~

f(zo) =



2 A B P AR U A A e ol A — SR A 22K 277

n k
* 1 *

> aiy {ijK(mjamj)} +b =

i=1 L/

> aryiK (i, Qa)) + b° (13)
=1

/\I:':Ij
A 1<
K(zi, Qo)) = ;Z%‘K(mu%‘) (14)
=0

3 (14) WA SCEIEN A Bk, #4 Mercer
T HRT G AN, A SR AR R A SVM. #%. IR
JG, WA fmo) MIFFSHE PR z XTRIIK
ol

AN ETHT A B W] DU Y, BE T AR A )
SVM 7 2REE AL RAEAR SVM Jp R85 MH L, B
TR PR T SANF AL, ISRy SR AR e 4 AT TR,
PRI AN 2yt R T R W] W . {1 NC-SVM
FE 20 P o R v B A8 A7 R0 R P My 23 A 1) =5 11
DR N SRl NP RS DA LMY SN
() ) v K b R AT 00 [F) 3 2, AT RAAT R0 A A

PA_E g3 o4 #5380 KB 00, T Bhas F— )
— (One-versus-one) #—Xf% (One-versus-all) [
MG A I 2 R DL, AR % — g
RN 2 NC-SVM 43245,

3 SREEFNSTHR
3.1 HiRE&

ARSI AS PR 20 v G s SR A 56 A SRR I
73R RE.

Indian Pines #(#i8E: %84 A HLE ] WAL
A G RE{L (Airborne visible/infrared imaging
spectrometer, AVIRIS) RAE 1A ML X 5 i B 4,
BIR K/ 145 15 3 x 145 R 5, XS0 3 E N
20 m/pixel, AL 220 NEBL (WKVGHEA 0.4 ~
2.5 pm)t. X H LB 20 AN AW ™ ) B
REE 200 MBI GRS, B4 4T
122 €S INA K R AN SEC IR AT 8 TR € T Sk
F 16 B st 10366 ANFEA (AN IR
1). T s 490 K i s 4 6 ik HL AT AR = i A A
P, RIS SRR A I E HARAN I, 4 ) (1) ek
I3 KRR Bk, DRt ) T m Dk R
I3 FEEIPE RN

University of Pavia Z¥g4e: %5044 4 T
62 A LI (Reflective optics system imag-

'http://engineering.purdue.edu/~biehl/MultiSpec/

ing spectrometer, ROSIS) KAE I3k X =i EHE,
KI5 /Nl 610 152 x 340 14 %, LN
1.3 m/pixel, L5 115 MIEE (BT R 0.43 ~
0.86 pm). 1% HLZe BRI KR ™ Y 12 IR,
PR 103 MIEBAE ot Eds. B 5 4 T 1%
H i 4R Y IR (5 R R il A . il S
Fo 9 PUg R, 3t 42776 DMREA (AR R
% 2). ZEIREARY I T R e AR o R
(1 B .

a2k -‘

gl |
=

)

(a) B (b) RIS
(a) False RGB (b) Ground truth
4 Indian Pines #({E4E
Fig.4 Indian Pines dataset
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(a) B
(a) False RGB

P 5 University of Pavia #fli%
Fig.5 University of Pavia dataset

(b) Frid Bk
(b) Ground truth

3.2 MEEEZE5IFMIERR

R A SC L MR RE, A SCEE S ARG
HERFAIE R 20 R TIN5 T 0 TR 1 1 40 28 T v
Frxf b, Al DG ISR AR 1) 7 5 A FE k- 4B (KNN)
FSVM; &54 T 2 [RRF I J7 i A dE A8 F % 1R I (E
17792 (SVM on spatial mean, SVM-s). J&T5 i
7 O R 25 [ 2){H) (Composite SVM,
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# 1 %I Indian Pines HIREMH 5 % MIIGFEAR A EIEN 2R IEHHE (%)
Table 1 Classification accuracy for the Indian Pines dataset using 5% training samples per class (%)
# e WA WFEA kNN SVM SVM-s  SVM-p CSVM  SVM-EMP  A3077ik
1 Alfalfa 3 51 52.75 61.85 61.48 63.89 76.48 82.04 91.30
2 Corn-no till 72 1362 57.11  79.83 93.70 93.55 95.54 88.40 98.01
3 Corn-min till 42 792 57.30  72.39 89.45 89.65 95.16 91.44 96.94
4 Corn 12 222 39.59 61.03 78.93 79.32 87.14 74.79 95.00
5 Grass-pasture 25 472 85.95 91.59 89.64 89.62 93.38 89.64 95.79
6 Grass-trees 38 709 92.09 95.48 98.14 98.19 98.15 96.29 98.89
7 Grass-pasture-mowed 3 24 88.70 86.54 81.15 81.54 91.15 93.85 96.92
8 Hay-windrowed 25 464 96.38 97.10 97.12 97.10 98.00 98.98 100
9 Oats 3 19 69.41 83.50 80.50 81.00 97.50 91.00 85.00
10 Soybean-no till 49 919 69.68 74.91 89.18 89.42 93.08 87.53 96.43
11 Soybean-min till 124 2344 74.03 81.94 92.31 92.04 95.64 90.98 98.12
12 Soybean-clean 31 583 48.68  79.20 88.18 89.35 93.37 82.85 97.48
13 ‘Wheat 11 201 98.26  98.92 95.42 95.66 97.26 98.40 99.20
14 Woods 65 1229 93.92  95.05 96.85 96.66 97.38 98.86 98.95
15 Buildings-grass-trees-drives 19 361 36.62  52.47 76.00 75.61 83.63 91.97 91.34
16 Stone-steel-towers 5 90 90.56  87.79 96.84 96.74 98.53 93.16 89.58
SRIEZ (OA) 72.26 82.61 91.82 91.83 94.93 91.34 97.51
SFRIERIZE (AA) 71.94 81.23 87.81 88.08 93.21 90.63 95.56
k 2% 68.29 80.18  90.67 90.69 94.23 90.14 97.16
EAFINI (s) 1.00 7.0  3.87 417  201.28 3.39 5.77
# 2 Xt University of Pavia HUESEALH 1% MVILFEA AN 2 R IEFHH (%)
Table 2  Classification accuracy for the University of Pavia dataset using 1% training samples per class (%)
# 25 WZRFEA e A kNN SVM SVM-s SVM-pu CSVM SVM-EMP VN IR
1 Asphalt 67 6 564 74.48 83.18 93.74 95.01 96.45 90.49 98.96
2 Meadows 187 18462 96.10 95.38 98.44 97.80 99.38 97.53 99.75
3 Gravel 21 2078 48.88 65.48 69.79 78.92 77.21 88.18 86.85
4 Trees 31 3033 70.68 85.35 89.88 89.64 92.13 92.76 93.81
5 Painted metal sheets 14 1331 98.84 98.69 99.81 99.81 99.85 99.56 99.72
6 Bare soil 51 4978 35.18 63.76 85.71 88.64 90.69 79.72 94.13
7 Bitumen 14 1316 69.25 74.32 88.45 92.32 91.74 88.10 98.09
8 Self-blocking bricks 37 3645 75.79 79.74 88.52 88.31 94.96 91.73 97.22
9 Shadows 10 937 88.12 95.74 97.99 98.05 99.51 94.57 90.43
RBEIERZE (OA) 78.77 85.70 93.06 93.86 95.70 92.75 97.43
SEYIERIZE (AA) 73.03 82.40 90.26 92.05 93.55 91.41 95.44
k 7% 70.92 80.80 90.73 91.83 94.26 90.33 96.58
IBATI] () 4.53 12.60 9.72 10.20 334.74 12.67 18.28
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SVM-p)l7, 4% 2 fl ik A 16 B R 305 % (Con-
textual SVM, CSVM)El K JE 22251 5 6 1% HE
AH 255 1 77 (SVM on extended morphological
profiles, SVM-EMP)P). it SVM-p 5 4 iledz R
FABCRI b4 712, SVMe-s Bl SVM-p (K34 {4y
TR IR T 1 R /N 55 AR SRR 1 2 [ 8 A YO Tl 1) v
h T x 7, CSVM MBI/ E R b x 5, HAhZ 4L
5FESCEMIE, KNN Fil SVM (5 S 538 5
AL SRR E . 6 EEI 7 k4% S SCRR S B, YA
SORFAESRE )L R

A SCAS ] B OF O FE B AL EE S AR IE A # (Over-
all accuracy, OA). “FIJIEMiZ (Average accuracy,
AA). kappa REP KRR, Ak SR e 22,
S N &SI 45 F 43 nl i 4T 10 X Monte-Carlo
S, BF OB AL E - B BRI AR AR AE R I
IRREAS, FLA IR e A, SR 5 Al T % Sk
AT 28, ¥ 10 DM ST Bl AL S50 1R~ 155 1 4 % R A
HEZEAE R 2 SRR 73 MR e S SRR PR VR4, 5K
BT EF 54 PC (Intel dual-core 3.4 GHz
CPU, 4G RAM), $fF &% % Windows 7. Fifi s
B Matlab 445, Her SVM [#IZREE 78 H]
Libsvm[®) 5z,

3.2.1 Indian Pines $#IE&E

S R 30 R A R IBORT v ' 1 R A I AE
SRJG 43 BT NC-SVM [ 4B By [7] 1) 28 4k 3 D 5703k
SR RE RS2, B GRS TR vk 2 Il (g 43 ek
HE.

1) FRAESREL IR H]

oy R 58 R IE B2 HUAE v G % I8 23 2 A
X Indian Pines )Gt 207 PCA. LDA.
OLDA (Orthogonal LDA)BU RLDA (Regularized
LDA)B2 | LFDA (Local fisher discriminant anal-
ysis)®¥ Rl NWFE S TRIESRIK, SREAEH 5% 1
PRACFEA LR SVM, XT3 T (AR ICHEA BEAT 73 2K,
T AR B R AR A 2, 25 PRy A4 BT VA A3 2 93
FKIEHHEWIE 6 PR

YN GRFEA B I, LDA 1935 P B 15 S B
A oy e WAL A 5, AR AL 1) B B o AN AR
JRUST LB OLDA 5 RLDA M=% 15 24
ST HOAAE, AL T 2o /0 A A T 0 248 31 T 5 R o
AN il A 1T 5 WA 7R AE 2% 1) 1 23 A i L, A4S
PP IURFIE AR R A L. 554h, LDA. OLDA i
RLDA 5% BRI ¢ — 1 4EFFE (¢ WIHE%).
4R A R e HLS B H DI, R 5 3 oK
AR R E K, A X 7 e ) TR L,
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and the dimension of extracted features
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using different percent of training samples per class
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Fig.9 Classification maps and overall accuracy (OA) for the Indian Pines dataset using 5% training samples per class
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