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Table 1 Error Matrix of MLC Classifier
Cy Cy C3 Cy Cs Cs Cy Cs Gy Cio
C 93 8 0 0 1 0 0 0 0 0 102
G 4 41 1 0 1 0 0 0 0 0 47
G 0 1 77 4 1 4 0 0 0 0 87
G 0 0 0 91 0 0 0 0 0 0 91
G 3 45 18 0 90 14 0 0 0 0 170
Cs 0 0 4 0 4 77 2 6 0 4 97
G 0 0 0 0 3 3 98 1 0 0 105
G 0 0 0 3 0 0 0 80 7 0 90
Gy 0 0 0 2 0 0 0 12 93 0 107
Cio 0 5 0 0 0 2 0 0 0 9% 103
100 100 100 100 100 100 100 100 100 100 1000
83. 2%, Kappa=0. 814
2 BP
Table 2 Error Matrix of BPNN Classifier
Ci Ca Cs3 Cy Cs Ce Cy Cg Gy Cio
G 95 12 0 0 0 0 0 0 0 0 107
G 4 74 4 0 8 0 0 0 0 0 0
G 0 4 84 2 5 8 1 2 1 2 109
Cy 0 0 0 R 0 0 0 8 0 0 106
(08 1 10 12 0 80 12 1 0 0 0 116
Ce 0 0 0 0 7 78 3 5 0 0 93
G 0 0 0 0 0 0 91 0 0 0 91
G 0 0 0 1 0 0 0 84 2 0 8
G 0 0 0 0 0 0 0 1 97 0 R
Cio 0 0 0 0 0 2 4 0 0 R 104
100 100 100 100 100 100 100 100 100 100 1000

15005

87.90% , Kappa= 0. 866
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ANN Remote Sensing Classification Model and Its Integration Approach
with Geo knowledge

LUO Jian cheng', ZHOU Cheng hu', YANG Yan®
(1. Institute of Geographic Sciences and Natural Resowrces Resarrch LREIS, Chinese Aaidemy of Sciences, Bdjing 100101, China;
2. Institute of Environmental Science, Bejing Normal University, Beiing 100875, China)

Abstract:  The Classification of remotely sensed data is the main theme of Remote Sensing Image Understanding and
Analysis, while the artificial neural networks (ANN) is one of the latest and most important techniques developed recent-
ly in the area of cnnective artificial intelligence. In this paper, after we made a through study on the structure of the
multi layer perceptron (MLP) and deeply analyzed it’ s back propagation ( BP) training algorithm, the framework of how
to integrate Geo knowledge with ANN and apply to RS classification is put forward. Fimstly, the suggestions of improving
the efficiency of BP algorithm, including network architecture selection, use of optimization on leaming rate, and assis-
tance with additional data and expert knowledge etc., are presented. Then, after the general appoach of ANN based RS
image classification is reviewed, the model of integrating Geo knowledge with ANN for RS image classification is devel-
oped with specific experiment of RULE based MLP. Experimental result shows significant improvement in comparison with
statistical and traditional ANN classifiers.

Key words: artificial neural newotks ( ANN) ; multi layer perception (MLP); BP algorithm; RS image classifica-
tion; geo knowledge



