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Tab.1 Sample Distribution of Salinas Dataset
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Fig. 1 Salinas Dataset
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Tab. 2 Sample Distribution of Jiufeng Dataset
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Fig. 2 QuickBird Image with Color Composition in

Jiufeng Region
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Fig. 3 Classification Algorithm Based on Fourier

Spectrum Texture Combined with Spectral Information
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Tab. 3 Classification Results of Salinas Dataset by Different Scenarios
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Fig. 4 Classification Maps of Salinas Dataset
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Tab. 4 Classification Results of Jiufeng Dataset by Different Scenarios
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T 2 531 - — 2 - -
KAk FF Ak [N IR Hk Bl H it 5%/ PR/ %
Kk 369 0 0 0 0 0 369 100
EF I 0 308 0 2 0 0 310 99. 35
il - 0 0 428 58 4 0 490 87.34
TR AR 0 43 4 354 88 0 489 72.39
B 0 0 0 0 250 5 255 98. 04
3 0 0 0 0 0 103 103 100
SR 369 351 432 414 342 108 2 016 -
EFEERE /% 100 87.75 99.07 85.51 73.10 95. 37 - -

B fAORE BE .89, 88% (1 812/2 016)  Kappa Z%(:0. 876

OFr & DM R A T A RE RIS OF % 3)
M GLCM &t L (J7 58 O W 70 RAGJE . AR TT 5 4
(17 SRS JE H 0 J7 %8 2. (02 15 00 28 19 o I B EK
Z s 4543 PCA Hi P 3200 5 4 I SCH R AE 1) 70 2 25
ROTER DT H T H— i 42 BOSCH Rk Y
DREGRTTES TR 6. mE S5 ~5(D%

AT AT N

(d) T

B < B v Bl e

(e) lT&5

BT 8T BRI RERMTT . B 5 (F%E 2)
R T B0 43 SRR S AFUBE R bR M =2 R A D
ARy AN B 5Ce) 5D B HL A AT LE 1%
SUHR IO R0 PCA I AT 9 43 5 $12 BRI S0 # 4
TEFLA — 22 1 A 32 2 R B 7R AR B DL R
M

(f) 77 %6

i [ v B

(CIEINPINGS € S E N

Fig.5 Classification Maps of Jiufeng Dataset
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Combining Fourier Spectrum Texture and Spectral Information for Land
Cover Classification with High Resolution Remote Sensing Images

DIAN Yuanyong® YANG Guang® FANG Shenghui®
1 Institute of Garden Forestry, Huazhong Agriculture University, Wuhan 430070, China

2 School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China

Abstract: The extraction of textural features gives more information in many pattern recognition is-
sues. The textural features are widely exploited in the classification problems. In this study,the high
resolution images were employed as the research object. Textural features and spectral features were
combined to solve the problems of land cover classification. The paper designed a classification strate-
gy based on Fourier spectrum texture. The spectral image was submitted to the principal components
analysis (PCA) and r-spectrum was extracted from the first two principal components as the textural
features. The common power spectrum might be insufficient because of the lack of the feature num-
ber. However, it would bring redundancy when taking into account each sample spectrum associated
with each frequency. In fact, it could be divided and quantified flexibly. Consequently, new features
were yielded through the method. In this study, different scenarios associated with different input fea-
tures were designed. Support vector machine (SVM) was employed as the classifier. The algorithm
was tested on hyperspectral dataset acquired in Salinas area and QuickBird images acquired in Jiufeng
area. Results showed that the combination of textural features and spectral features could obviously
improve the accuracy; the textural features extracted by Fourier r-spectrum could be applied well to
the classification problems of high resolution remote sensing images; the classification accuracy was
higher than the one that is based on the whole sample spectrum and the commongray-level co-occur-
rence matrix (GLCM) ; it was suitable to move the window pixel by pixel when extracting the textural
features; adaptive weight would better deal with the problems of multiple features; the textural fea-
tures extracted from the first and second principle components had complementary properties. In addi-
tion, the extraction of textural information from multi-feature pictures was superior to single feature
picture.

Key words: high resolution; r-spectrum; textural feature; principal component analysis
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