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Table 1 Confusion matrix of maximum likelihood

FTH ltem Bt Hdts EE Tk ithi FA PO (1)
Farmland Forest Grassland Water Bare land User s accuracy
#FHb Farmland 187 18 82 1 19 60.91
HHth Forest 15 154 73 0 0 63.64
i Grassland 44 35 225 2 41 64.84
JKMA Water 6 1 10 181 2 90.50
Fidth Bare land 3 0 38 1 362 89. 60
He 7= RS B Producer s accuracy ( 70) 73.33 74.04 52.57 97.84 85.38 —

R ZHKEE Total Accuracy =73. 93%

Kappa=0. 6676
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Fig- 2 The training RMS of BP neural network
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Table 2 Confusion matrix of BP neural network

S H Item Bt it B Kk Feds FPREEE(20)
Farmland Forest Grassland Water Bare land User s accuracy
H#th Farmland 204 13 62 1 25 66.89
s Forest 9 159 72 1 0 65.98
HH Grassland 42 24 242 1 38 69.74
KK Water 3 0 12 185 0 92.50
FE 41 Bare land 1 0 32 0 374 91.89
H: 72 K6 FE Producer 's aceuracy (0) 78.76 81.12 57.62 98.40 85.58 —

B EHEE Total Accuracy:77- 60%

Kappa—0.7141
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Table 3 Confusion matrix of decision tree based on See 5.0

W H Item it sty i Tk Hidts JAP B ()
Farmland Forest Grassland Water Bare land User s accuracy
#HH Farmland 223 12 45 1 24 73.11
s Forest 9 177 54 1 0 73.44
1 Grassland 26 16 269 1 35 77.52
JKH Water 3 0 9 187 1 93.50
Fii s Bare land 1 0 30 0 376 92.38
H: 7= K FE Producer 's aceuracy (0) 85.11 86.34 66.09 98.42 86.24 —

K HEE Total Accuracy =82. 13%

Kappa=0. 7721
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Appended Figs: Typical partial areas of the results of different classification methods
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Comparison of the land cover classification methods based on
single-temporal MODIS data

XU Xiaotao's HAN Tao’. XIE Yao-wen'
(1. Key Laboratory of Western China’s Environmental Systems ( Ministry of Education), Lanzhou University, Lanzhou,
Gansu 730000, China; 2. Institute of Arid Meteorology, CMA, Lanzhou, Key Laboratory of Arid Climatic
Changing and Reducing Disaster of Gansu GOV and CMA, Lanzhou, Gansu 730020, China)

Abstract ; Based on singletemporal MODIS data of Gansu Province, mainly using its visible spectra, three
classifiers—the maximum likelihood, BP neural network and decision tree based on data mining software of See
5.0 are used for land cover classification research- The validated result shows that the decision tree algorithm has
the best performance of extraction, with an overall accuracy of 82. 13%. followed by the BP network algo-
rithm. and the maximum likelihood classifier has the worst performance- Data mining software of See 0.0 with
boosting technique can build decision tree quickly and improve the precision of miscible classes-

Keywords: MODIS ; maximum likelihood classifier; BP neural network: decision tree classifier; See 9.0;

land coyer, classification



