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R= cluster(X)
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F= feature extraction(X)

2 A

E= canny(F)

3: BB H

S=HMRF(R, F, E)

I3 NSRS

L SCHRFI] AL 43 26

C = SVM(XD

2.0 i

OM=4—neighborhood connectivity(S)

3 M RIPH

OC = MV(C, OM)

4y REERAL (PR

Y’ =8—nieghborhood filter(OC, T3)

Y”=16—nieghborhood filter(Y", T3)

Y =8—nieghborhood filter(Y”, T3)

Horp ARSI 55 Ghamisi 85 £E SCHRL 13 7P
I3RS [ AR BAE LU JLAS Oy T O AE 46
B DH R T AR J5 ¥ (k-means , ISODATA
M FCM) AT RKAF BRI OB IR 2) Pk
AR [ 45 4iF $2 U7 % (MINF U ICA Hil PCA) 3k B
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2 ERSHR

2.1 LEHIRE

1)ROSIS University of Pavia $t#t . %504
&K A ROSIS (reflective optics spectrographic
imaging system) Jf i A5 1 R 46 1 2 KR A 4k
T2 5 6 R S 1% SR/ 6 610 %340,
2 AP 1.3 m, 5 115 3B, A [
H0.43~0. 86 pm, i H L FR M BBE Y
103 DR BHEAT 2 . AR A& 9 Fh L B M )
(42 776 FEAS . 1B 3y KA 4E K A 5L
i CLLR i #x“ROSIS 487 .

2) AVIRIS Indian Pines $#%. AVIRIS In-
dian Pines Z{#E 40 8 T 1992 4F, f#f F§ AVIRIS
(airborne visible infra-red imaging spectrometer)
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Fig. 3 ROSIS University of Pavia Data Set
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Fig.4 AVIRIS Indian Pines Data Set
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Tab.1 Abbreviations of Classification Method
GyT5 fajic 7 =X

K-Means +SVM K-SVM

ISODATA+SVM I-SVM

FCM+SVM F-SVM
KM +MNF+HMRF +SVM KHM-SVM
ISODATA+ MNF+ HMRF+SVM IHM-SVM
FCM+ MNF+ HMRF+SVM FHM-SVM
KM-+ICA+HMRF+SVM KHI-SVM
ISODATA+ICA+HMRF+SVM THI-SVM
FCM+ICA+HMRF+SVM FHI-SVM
KM-+PCA+HMRF+SVM KHP-SVM
ISODATA+PCA-+HMRF+SVM ITHP-SVM
FCM+PCA+HMRF+SVM FHP-SVM

(a) MNFZR 46 J5 (1) 55— /3

(b) g%k

Bl 5 ROSIS B4l % 25K I 45
Fig. 5 Edge Detection Result for ROSIS

&l 6(a) & ROSIS %4 i) 3 F ISODATA ffy
o HR al R B AL o 45 5% . ROSIS %4l SVM
SYREERIE 6(b) iR . Bl 6Cc) 24 4y # &
SVM 432K 16 ] 2 504 S i 7 KA 25 & i 25 2L 8%
Z SVM 4218, 2% 37 v b 0 T AR B o~ B0

T A 2 85 B R R
EURHEAT AL B . Oy Tl R A Z R 407, [+
BFR R R e Re )7, &t Z A% B
HEEHN T,=5,T,=12,T, =5, 6(d)ZE%
it PRACERS M e 2 o 2R 8, 5 oR 4 PR AL B
PR AR L o HUER " B4 A P ik 553 .

R TR A3 AT A [ )RR ALE 4 BB R 2 T TR X
T G ARG (6] 43 2 T BRI S R X AN TR
TG SR A N HEAT T S8, R 2 A THE
AN T B % -3 8] 43 28 07 61 ROSIS il 14 43 26
KEE. R 2 ol LLE . 78 MNF 28 i 5% 14 1
FIHIBR 2R W] R B HL 7 28 L AE ICA #il PCA S5
T B JE R AT RE 2 MINF A% $e fdf 3 B 43 i 1R
5 W LI A2 7 22 #8417 HES) L [t PCA Fi ICA B
Ty 53 B A Th R MR R

K2 AEADEFEX ROSISBEMHYKER
Tab. 2 Classification Results Obtained by Different
Methods for the ROSIS Data Set

s BAKEE/ % TR/ % Kappa RH

AR No-PR PR No-PR PR NoPR PR
SVM 93.52 95.43 91.99 94.65 0.914 0.952
K-SVM 96.06 97.02 94.28 95.33 0.948 0.960
I-SVM 97.61 98.3 97.22 98.00 0.968 0.977
F-SVM 96.32 97.41 95.51 96.92 0.951 0.966
KHM-SVM  95.78 96.66 94.41 95.21 0.944 0.956
IHM-SVM  97.99 98.53 97.77 98.30 0.973 0.981
FHM-SVM  95.32 96.43 93.82 95.05 0.938 0.953
KHI-SVM  95.53 95.80 92.60 92.99 0.940 0.944
THI-SVM 96.80 97.14 95.52 95.96 0.957 0.962
FHI-SVM  95.42 96.35 93.02 94.28 0.939 0.951
KHP-SVM 96.8 97.14 95.52 95.96 0.957 0.961
IHP-SVM  95.29 96.09 94.41 95.29 0.937 0.948
FHP-SVM  94.51 95.81 93.54 94.84 0.927 0.943

2.4 AVIRIS {18

AVIRIS & )i 808 9 SVM 4 28 45 5
B 7(b) frn, T ISODATA B 2K M [E D /KAl
FBEMLI ) 5y F R AT 28085 5 HoO ik 25 [H]
MR A R 7CoO iR . e MRS % i
TR 43 25 B, B 47 PR AL B {E & & R
T,=5,T,=12, T, =5 2R MK 7(DFixm. N
B 7O FNE 7(d) gt — 2B, 53 28 K [6] T
FEFRA A [ R B 42

3 & PRIGALIG AR A A %Ki T AVIRIS
AR B 2R . N2 3 LA I, A 2L
A2 2% B 1) b ) %o 1 Y S FE R S T IR SR AN TR . X
T LIRS MY, 7E MNF 26 %4 #1 H 1SO-
DATA B J5 ¥ A6 84f, il a2 B 2L £ K FH
ISODATA 5 2% (1 K5 B8 o 90. 11%, B B &5 F
k-meansf¥ 87.54% F1 FCM 11y 80. 16 % , ZH-2
Ho-A AR-HL 2% A ISODATA Z 2 0 8 B2
81.96 % , % &5 F k-means 1 FCM, H:fiF 42 Bt
K MNF (945 B2 w5 TR F ICA il PCA [
JE L3R BE S B R AVIRIS B 1 4 3R A0 15, &
B ZWR AR IC OGS M 75 L I f /N R 72 4
(MNF) HA5 5Bk e 75 (1 4 66 L i ICA F1 PCA 748
e 1) 55— 3 LA T S M 7S T HLAL B A — e
fiE 433t o A 5 {5 B AH X e /b, T R MR T B 2R W)
KBEPL W PERE s 73 58 ICA il PCA R AR $2 BT
5 FCM B R A A 0 T B S 7k B K B
B B, 45 20 R X i 1 43 JORS B L X 2 IR Ok A
ICA F1 PCA Z44 T AR A G M 75 19 52, il
FCM R J5 ] 15 2] 0 2 1 SR 4 X 22 X0 G4
SR ICHIRT RS D F SVM 1 45 5 2 5 2 )5
TE W 38 25 $E T 9 0] 2 6 /N RE AR B L i) n
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Fig. 7 Classification Maps of AVIRIS Data Set

254 ROSIS B4 Fl AVIRIS 48 1 55 5 5k

AR AR S8

DIERSIER 5| AR /K il KRBT 1&
BRI SCE B AT R 7 R L
2) 2853 PROUEPAL BG L J6 173 7] 43 280K
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Fig. 6 Classification Maps of ROSIS Data Set
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Tab. 3 Classification Results Obtained by Different Methods for the AVIRIS Data Set

. Hi 4y Wk Mk K- - F- KHM- IHM- FHM- KHI- IHI- FHI- KHP- IHP- FHP-
L P ¥E BB SVM SVM SVM SVM SVM SVM SVM SVM SVM SVM SVM SVM
1 s 5 49 83.93 89.81 98.91 86.77 85.42 71.00 100.00 92.39 92.39 61.96 83.70 82.61
2 EBERL E K 143 1291 87.58 81.32 89.11 89.07 89.37 87.94 79.62 82.95 90.54 84.45 87.18 91.17
3 3 e 83 751 85.84 83.97 80.52 87.54 90.11 80.16 74.70 85.95 87.48 74.45 77.83 80.41
4 EK 23 211 96.71 94.77 88.65 88.40 88.42 86.91 89.16 89.84 85.96 83.34 84.81 85.09
5 Bl /B 49 448 91.33 91.16 94.30 93.39 90.59 96.00 90.36 92.22 93.28 94.10 93.10 94.87
6 B b /i A 74 673 97.58 97.29 97.73 97.12 95.95 97.65 94.46 93.91 96.89 98.17 94.70 97.66
7 RM/MERHCE 2 24 96.00 96.00 96.67 98.00 94.00 90.86 94.77 77.14 100.00 90.86 92.72 92.72
8 T 48 441 99.19 99.65 100.00 99.53 98.72 97.12 99.37 99.06 99.58 96.68 98.47 97.61
9 Mk 2 18 91.86 90.91 84.13 82.64 62.50 64.17 60.00 69.06 92.50 78.10 73.33 85.00
10 dEHARKRE 96 872 86.71 85.16 84.81 92.38 00.86 88.43 85.61 81.29 85.92 87.26 87.90 88.01
11 S#EkE 246 2222 90.20 89.66 89.86 92.71 93.31 90.58 89.98 91.26 91.07 91.12 90.84 91.17
12 WMk T 61 553 87.41 84.88 89.87 87.73 88.56 89.75 90.64 87.33 87.92 90.37 88.29 91.69
13 Y - 21 191 97.60 98.38 99.02 98.09 98.91 99.02 96.56 95.06 97.80 99.03 95.33 99.27
14 P 129 1165 95.68 95.16 95.54 95.38 05.51 96.11 94.94 94.69 96.01 95.70 95.02 95.25
5 -
15 38 342 78.86 76.70 79.91 76.90 81.96 80.25 73.00 72.94 73.72 76.05 71.63 75.17
BEAR-HLER
16 Fer 9 86 97.60 98.81 97.33 79.76 89.88 82.55 89.37 80.79 78.90 97.94 93.46 97.94
OA/% 90.52 88.93 90.31 91.66 91.97 90.27 87.70 88.40 90.76 89.16 89.28 90.81
AA/ Y 91.57 90.85 91.65 88.97 89.63 87.41 87.66 86.62 90.62 87.47 88.02 90.35
Kappa Z 3 0.892 0.874 0.889 0.905 0.908 0.889 0.859 0.868 0.895 0.876 0.878 0.895
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Classification Merged with Clustering and Context for Hyperspectral Imagery
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Abstract: The traditional pixel-wised classification methods for hyperspectral image (HIS) only con-
sider spectral information while ignoring the spatial information, resulting in a big limit of classifica-
tion performance. Clustering which could assemble pixels similar in spectral features into spatial adja-
cent clusters, thus effectively express similarity and spatial correlation of adjacent pixels. In order to
take full advantages of spatial correlation, this paper explore a spectral-spatial classification method
for HSI merged with clustering and context. Firstly, under condition of different feature extraction
(MNF, ICA and PCA), different clustering methods(k-means, ISODATA and FCM) are used in hid-
den markov random field to obtain optimized segmentation map containing context features ; second-
ly, the regions in the segmentation map are labeled by using a four-connected neighborhood labeling
method to generate image objects, and a majority voting method is used to classify the objects based
on the initial classification map derived from support vector machine (SVM) optimized by particle
swarm optimization (PSO). Finally, a Chamfer neighborhood filtering technique is used to regularize
the classification map, which partially reduces the noise. This method utilizing spatial information
from clustering and introducing context features from HMRF takes advantage of supervised classifica-
tion and unsupervised classification to gain noise reduction, high-accuracy and high homogeneity,
which makes up for the inadequacy of the classification based only on spectral information. Experi-
ment on ROSIS data set and AVIRIS data set respectively illustrate that the method can obtain better
performance in terms of classification. The overall accuracy of ROSIS data set reaches to 98. 53%,
5.01% higher than that obtained by SVM. Meanwhile the overall accuracy of AVIRIS data set climbs
t0 91.97%, 7.01% higher than SVM result. We also find that different feature extraction and differ-
ent clustering will influence the spectral-spatial method using HMRF with edge-protection.

Key words: clustering; hidden Markov random field (HMRF) ; support vector machines (SVMs) ; hy-

perspectral imagery; spectral-spatial classification; majority voting
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