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Fig 2 Classified maps by different classifiers

(a)Multiple layer perceptron classifie;, (b) Maxmum likelihood classifie; (¢) K NN classifie (d) Mahalanobis classifier

(e) Minimum distance classifier
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Table 1 C lassification accuracy by every individual classifier

(a) Producer’ saccuracy; (b)User’saccuracy; (c¢) Conditional kappa coefficient (d) Overall accuracy and kappa coefficient

(a) (b)
EFEERSE /6| MLP | KNN| MinD | Mad | MLC [Hf4 2658 PR MLP | KNN| MinD | Mad | MLC |[fft5 2K 3%
Kk 89, 02 | 89, 02| 85 37| 90 24| 89, 02 M ad Kk 97. 33| 89. 02| 92 11 93 67| 93 59 MLP
Ik 4 84.29 | 98 57| 51 43| 65 71| 94 29[ K-NN L 67. 82| 48 25| 73 47| 63 89| 58 93| M inD
i 45 95 | 64 86| 54 05| 40. 54| 62 16 K-NN B 80. 95| 85 71| 60. 61| 93 75| 92 00 M aD
4% H 61 84 | 76. 32| 68 42| 63 16| 80. 26| MLC 4 Hb 95 92| 80. 56| 88 14| 73 85| 61 00 MLP
By 62 92 | 38 20| 61 80| 66 29| 43 82 M ad Hh 84. 85| 89, 47| 71 43| 75 64| 92 86 MLC
z= 77.50 | 67. 50| 52 50| 65 00| 97. 50|  MLC Z 81 58| 93 10| 72 41| 76. 47| 90. 70|  K-NN
A 5 100 00 | 81 82| 81 82| 95 45| 95. 45 MLP FA 5% 84. 62| 94 74| 78 26| 63 64| 9L 30| K-NN
(TR 5635 | 60 32| 72 22| 64. 29| 54 76 M inD B bk 78 02| 80. 00| 73 39| 80. 20| 88 46 MLC
i bk 85 44 | 77. 85| 83 54| 81 65| 77. 22 MLP Il Ak 54 66| 63 40| 57. 39| 5& 11| 61 62| KNN
) d)
kappa %% | MLP | KNN [ MinD | Mad | MLC [ffl4r24% MLP | KNN [ MiD M ad MLC
Kk 0. 9698| 0. 8757| 0. 9106] 0. 9283| 0. 9274  MLP B E M 7300 | 7L 71| 7071 | 7L 29| 73 29
PG 0. 6424| 0. 4250| 0 7052| 0. 5988 0. 5437| M D kappa & ¥ 0. 6811 [ 0. 6694 0 6535| 0. 6619 | 0. 6885
L 0. 7989| 0. 8492| 0 5841[ 0. 9340| 0. 9155  MaD
% H 0. 9542| 0. 7819| (. 8669| 0. 7066| 0. 5625  MLP
4y 0. 8264| 0. 8794| 0. 6727] 0. 7209| 0. 9182  MLC
= 0. 8046| 0. 9269| 0. 7074| 0. 7504| 0. 9013| K ANN
A 0. 8412| 0. 9457| (. 7756] 0. 6246| 0. 9102 K ANN
sturac ((Dd 99420256 (hisa 4} aagdslie dewnalfilectronic Publishing House. All rights reserved.  http://www.cnki.r
i - b 0. 4144| 0. 5273| O 4497| 0 4590| 0. 5043 K ANN
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different traning features
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Fig 4 The results of the classification experiments by combining multiple classifiers in different ways at different levels
(a) Combination of multiple classifiers at the abstract level using same training features
(b) Combination of multiple classifiers at the abstract level using different training features

(c¢) Combination of multiple classifiers at the measurement level
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Table2 C lassification accuracy of cambined classifiers at abstract level w ith ssme training feature

KA L PR L i = A 5 Bt AR fil M bk
HE 7 R B 0. 89 0. 929 0. 54 0. 829 0. 685 08 0. 955 0. 698 0. 842
P 0. 948 0 722 0 923 0. 863 0. 924 0. 889 0. 875 0 815 0. 665
kappaé%ﬁL/) 9945444 T fhigaggycademig Jpurmal Igleeiroric kuplishing Hoyse. Al pighis reseryed, Fttp:é/\sxé\yw.cnki.r
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Table3 C lassification accuracy of canbined classifiers at abstract level w ith different training features

KK R PR 3 R i = FA LIRS fid i Ak
HE 7R R B 0. 939 0. 929 0 595 0. 776 0. 629 0. 825 0. 864 0. 659 0. 848
P 0. 939 0. 692 0. 846 0 819 0. 903 0. 868 0. 95 0. 846 072
kappa 2 3 0 931 0. 657 0. 838 0 798 0. 889 0 86 0. 9481 0 812 0. 639
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Fig 5 The Bayesian average combination procedures atmeasurement level
* 4 BayesanTHEHTUNERZHLREANP LERBE TN
Table4 Accuracy of canbined classifiers by Bayesian average atmeasurenent level
KA b R Hh i3] 3 = [ 5 [N ] bk
e R 0. 927 09 0 59 0 816 0. 584 0 95 0. 955 0 627 0. 829
il 3 0. 938 0. 677 0. 957 0 785 0 912 0. 864 0 913 0 868 0 627
kappa % 3 0 93 0. 642 0. 954 0 759 09 0. 855 0 91 0. 839 0 518

Bk R 77 7%, xS kappa,%%fﬂ[; 0. 7386
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Combining M ultiple C lassifiers for Them atic C lassification of Rem otely Sensed Data

BO Yan-chen: WANG Jin*feng2

(L Deparment of Environmental Science and Engineering Tsinghua University Beijing 100084, China;

(Z Institute of Geographical Science and Natural Resources Research, Chinese Acadeny of Sciences Beijing 100101, China)

Abstract Deriving thematic maps by classifying remotely sensed data was a major application fields of remote sensing
techniques The most often used classifiers in classification process of remotely sensed data include various statistical

classifiers and artificial neural newotks Comparisons anong these classifiers found no classifier as

‘ panacea”™ W hile
most efforts were made to develop new classifiers formore accurate classification results to fully exploit the potentials of
the existing classifiers by combining multiple existing classifiers is an effective way in many fields of pattem recognition
applications In this paper the standard multiple classifier conmbination method was used for land cover mapping using
remotely sensed data Landsat TM data in Lanier Lake was used as an experimental data Land covermaps were derived
by combining classifiers at abstract level with same training features combining classifiers at abstract level with different
training features and by combining classifiers at measurement level respectively Classification accuracies of these maps
were compared with those of classifiers conbined Results showed that for all classifiers combination methods the
classification accuracies were mproved Advantages and drawbacks of every method of classifiers combination were

analyzed and further study in conbining multiple classifiers for remotely sensed data classification was suggested

Key words remotely sensed data classification; multiple classifier conbination; accuracy assessment



