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Fig- 1 The basic structure of self-organizing network
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Table 1 The statistic character of learning sample

pCl 4 5 7 SR BB (BT)
HE TrE H1H k- afiEl % H1H k-

i 64.0 257.4 102.1 290.1 76.4 1524.6 37.2 647.7 4942
&KX 108.8 82.7 91.4 86.2 170.6 394.3 97.4 99.2 331
bS] 54.0 13.0 91.7 238.0 77.9 329.6 29.4 40.4 3249
A 73.2 53.3 70.1 54.9 97.3 102.7 51.7 43.7 3932
R 65.1 25.1 92.7 76.2 98.8 100 45.0 47.4 637
AR 78.3 76.2 76.7 34.2 86.9 136.6 47.6 54.4 937
I 86.5 133.0 67.6 90.4 89.7 398.4 54.4 110.9 2055
K3k 62.4 348.0 23.8 401.8 16.9 1097.6 11.8 427.3 444
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Table 2 The parameter of learning

WTEHE 100
MR TR 49581
B2 S IR EL 165270

MBS () 0.3X (1 1/49581)

W25 o) 0.02X (1—;/165270)
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Table 3 The assessment result of these algorithm

3K Kappa R BKE Z{H RBFEALE(EID)
WEEgeEs] 0.848  0.878 0 18179
Wi EEgeEs  0.819  0.880  0.586 18179
Desieno 225)  0.851  0.881  0.878 18179
Kohonen Fi3E  0.850  0.880  0.586 18179
g4z 0.850  0.880  0.586 18179
EAlAEE 0.839  0.869 —2.466 18179
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Landcover Classification of Remote Sensing Imagery Using
Self-organizing Neural Network

SUN DanFeng JI Chang-Yuan LIN Pei
(Land Resource Department, China Agricultural University» Beijing 100094)

Abstract In this peaper, the implement and comparison of different self-organizing learning algorithm in landcover clas-
sification of Landsat TM imagery it is found that, with the combination of unsupervised and supervised learning method
and the nearest neighbour principle, these algorithms have no significant difference in classification accuracy- The study
result shows that the self-organizing network is an another method to classify the landcover type in remote sensing imagery
by combining the unsupervised and supervised learning phase with the nearest neighbour principle- Because of the sim-
plicity of the Simple Competivite Learning the self-organizing network can use the Simple Competivite Learning algorithm
in remotely sensed data classification -

Key words Self-organizing network Unsupervised and Supervised learning. Kappa agreement coefficent, Overall

accuracy, Z test
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