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Based on Texture Feature and Extend Morphological Profile Fusion
for Hyperspectral Image Classification

WANG Zeng-mao*,DU Bo”,ZHANG Liang-pei* , ZHANG Le-fei"
(a. State Key Laboratory of Information Engineering in Surveying ,Mapping and Remote Sensing ,
b. School of Computer Science ,Wuhan University ,Wuhan 430079 ,China)

Abstract; Single spatial feature is used in the traditional spectral and spatial feature fusion, which does not
make full use of the advantage of high spectral and spatial resolution. In order to overcome the shortage,
a method based on texture feature and extend morphological profile fusion for hyperspectral image
classification was proposed. Firstly, with the principle component analysis, the hyperspectral image
dimension was reduced and the spatial correlation was eliminated, then using the gray level co-occurrence
matrix the texture features for each principle component were extracted and the extend texture features
were got,lastly combined the extend morphological profile and part spectral features hyperspectral image
is classified. The experiments show that the proposed method can overcome the limitation of traditional
spectral feature classification and improve the accuracy of hyperspectral images classification.
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Table 1 Train and Test samples of Pavia University

No Name Train Test
1 Asphalt 248 6 206
2 Meadow 240 16 123
3 Gravel 192 1 880
4 Tree 224 2933
5 Metal sheet 265 1 345
6 Bare Soil 232 5029
7 Bitumen 175 1330
8 Brick 214 3 682
9 Shadow 131 947
Total 1921 39 475

% 2 Pavia University Cfl g SR MK E
Table 2 Optimal parameters of C & g

C g

Spectral 48.502 9 1

Spectral+EMP 16 1
Spectral+ Texture 256 0. 006 8
PCA-EMP++ Texture 256 0. 006 8

R T B UEAS SCOT AT T DU AR R AR AE A Y
S, O3 BN T Ay M MER L, b AA (Average
Accuracy) J - UHER B, OA(Over AlD iy B 73 25 UE
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PRGN A AR 2 4 /N BE R S B0 A 28 X BER
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Fig. 3 The classification of the different characteristics of
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(b) Spectral and EMP classification
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Fig. 4 The classification results of Pavia University

0810002~ 5



3.2.2 Pavia Center £ ¥
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Center %4 [F A A7 3 WGy 43 B - BUET = A F M
Bt 4 e B0 7 22 SRR KT 95 260) . 2R ) B 1 Jr %
TRBEZARTE A A FRAE A SCHRRAE , DL K 0 25488 0 I A
SR H B SEE R 4, 1] Lib-SVM #1743 2.
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HRAE () WE R XS LE. 6 R T RAR A4S R

% 3 Pavia Center &5 3¢5 2§ 2 A M E A

Table 3 Train and Test samples of Pavia Center

No Name Train Test
1 Water 248 64 215
2 Trees 240 7 332
3 Meadows 192 2712
4 Bricks 224 2 685
5 Bare Soil 265 6 559
6 Asphalt 210 9 064
7 Bitumen 150 7 287
8 Tiles 180 41 717
9 Shadows 240 2 842
Total 1949 144 413
*& 4 Pavia Center C 1 g BHHEMLE
Table 4 Optimal parameters of C & g
C g
Spectral 48.502 9 1
Spectral+EMP 16 1
Spectral+ Texture 256 0.006 8
PCA-EMP+ Texture 256 0.006 8

(c) Spectral and texture classification

& 6 Pavia Center 4~ £ & &
Fig. 6 The classification results of Pavia Center

—&— Spectral

07" —m— Spectral-EMP

—#&— Spectral-texture
IPCA.-EMP-te.xturg

5 FREHAERAE DR ERE
Fig. 5 The classification accuracy of different features fusion
% 5 Pavia Center S HiEHEHEER
Table 5 The classification results of Pavia Center

Spectral Spectral-  Spectral- PCA-EMP-
EMP Texture Texture
Water 0.993 0 0.993 2 0.992 8 1.000 0
Trees 0.913 3 0.922 2 0.922 2 0.953 6
Meadows  0.756 7 0.759 9 0.922 7 0.912 9
Bricks 0.836 5 0.8790 0.9508 0.939 3
Bare Soil  0.772 7 0.7984  0.905 2 0.958 5
Asphalt 0.975 4 0.979 9 0.958 4 0.966 8
Bitumen  0.627 7 0.665 6 0.837 2 0.884 3
Tiles 0.853 1 0.9014  0.972 6 0.9835
Shadows ~ 0.995 5 0.989 5 0.989 2 0.992 0
OA 0.9119 0.9304  0.967 3 0.980 1
AA 0.858 2 0.876 6 0.9390 0.954 5
Kappa 0.877 2 0.902 5 0.954 0 0.971 9

(b) Spectral and EMP classﬁcation

b WL .
(d) PCA-EMP and texture classification
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