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Abstract: Supervised classification algorithm for remote sensing image has been significantly applied in the field of en-
vironmental monitoring and geologic survey. A comparison of Maximum Likelihood (ML) and Support Vector Ma-
chine (SVM) classifiers was conducted on extracting and recognizing the types of ground objects for land use and
surface cover. The impacts of these two methods on the classification results were analyzed systematically. By selec-
ting Landsat LT5 & LE7 satellite remote sensing image and defining training samples, the classification accuracies
of ML and SVM classifiers were compared. It is found that the classification accuracies of combining Landsat L.LT5
with ML &. SVM are 94. 64 % and 94. 98% , while the classification accuracies of combining Landsat LE7 with ML
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&. SVM are 97.63% and 99.29%. The experiment results show that, for LT5 image., the accuracies of these two
classifiers are almost the same, but for LE7 image, the accuracy of SVM classifier is significantly higher than that of
ML classifier.

Key words: classification; Maximum Likelihood (ML) ; Support Vector Machine (SVM) ;sample
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Fig.2 Experiment area
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Tab. 4 Classification results of LT5 and LE7 satellite remote sensing data
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Tab.5 Evaluation of classification result of ML based on LT5 %
T 2 51 i R

SEBRZE 5

i A1 H Pk e KA e 0l 4 T 43
b 90. 00 0.61 2.48 6.90 0. 00 90. 00 72.31 27. 69 10. 00
< H 1.18 98. 82 0. 00 0. 00 0. 00 98. 82 99. 52 0.48 1.18
BB 3.36 0. 00 95. 29 1.35 0. 00 95. 29 97.99 2.01 4.71
B 2 12.07 0.32 2.21 85. 41 0. 00 85. 41 85. 41 7.09 14.59
KAk 0. 00 0. 00 0. 00 0. 00 100. 00 100. 00 100. 00 0. 00 0. 00
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Tab. 6 Evaluation of classification result of SVM based on LT5 %
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AR 94.980 7
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Tab. 7 Evaluation of classification result of ML based on LE7 %
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SR
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SRS 97.633 6
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Tab. 8 Evaluation of classification result of SVM based on LE7 %
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TK AR 0.09 0. 00 0. 00 0. 05 99. 85 99. 85 99. 94 0. 06 0. 15
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Tab. 9 Comparison of classification results of

SVM and ML based on LT5 & LE7

RAGIEIRE T 97. 1800, oAb Hb Wy 26 AU i 73 2K 4 JE

el 1o TR R RLIR 23 248 s T T LE7 24 5% I S H¢ 1)

BRI (ML) SR EAHLSVMD
LT5 94. 64 94.98
LE7 97.63 99. 29
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Fig. 3 Effect of classification methods for different features on classification accuracy
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Tab. 10 Comparison of classification time of SVM and ML based on LT5 &. LE7

SIS Gi s ML 4i% SVM s

01 177.067 02 4 670. 142 1:26.375

03 200. 025 04 5 052. 640 1:25.260

LT5 05 200. 456 06 5 215.272 1:26.017
07 208. 054 08 5 741.051 1:27.594

09 217.879 10 5 396. 853 1:24.770

-3 01~09 200. 696 02~10 5 215.192 1:25.986
11 144. 744 12 3 671.853 1:25.368

13 179. 185 14 4 995. 855 1:27.881

LE7 15 183. 689 16 4767.671 1:25.955
17 191. 346 18 5 028.563 1:26.280

19 219. 280 20 5 373.413 1:24.505

1Y 11~19 183. 649 12~20 4767, 471 1:25.960
O 01~19 192.173 02~20 4 991. 331 1:25.973
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