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ABSTRACT: The paper aims to conduct a quick accurate prediction for atmospheric environment classification of different cit-
ies. SVM is used to construct a joint-decision algorithm for multi-classification problems, and the principal component cluster-
ing results of a large number of urban environmental factor data are input. Through machine learning training, the SVM
joint-decision model of atmospheric environment is constructed. In the 91 cities, Hanoi and Haiphong are the most similar cou-
ple, while Padang and Golmud turn out to be the most different cities. The joint-decision model formed by 9 SVM binary classi-
fiers forms a partitioned prediction cloud image in the principal component data space by point prediction. Results show that the
prediction accuracy is higher than 95%, therefore atmospheric environment of different types can be recognized swiftly by the
established model.
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Tab.1 Environmental data of 8 cities

kT HRRE/ R EE/ FAXTIRE/ [k R A R

©) C % mm  (MJm?)
/MM 38 18.5 69.7 5147  5958.6
H%  30.1 22.1 46.9 51.1 7 389.1
&=L 19.0 27.1 71.8  2022.1  7373.0
FEIRAR  36.4 6.6 31.6 55.4 8 007.7
B4 -1.0 27.2 845 36683  6156.1
Jtmt 398 13.4 51.8 5788  6282.0
w210 23.1 803  1569.5 51005
WEF 209 23.8 81.6 16498 5159.6
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Tab.2 Correlation coefficient matrix
S TR AR Bk E R R
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Tab.3 Eigenvalues and corresponding eigenvector

EWC FFIE Fimkgs

4 A %

1 3.03 606 —0.521,0.449, 0.475,0.536, -0.117
2 137 273 -0.299,0.373,-0.380, —0.094, 0.786
3 0.37 7.5 0.053, 0.695, —0.366, —0.321, —0.526
4 0.14 2.9 0.052, 0.186, 0.689, —0.675, 0.183
5 009 1.7 0.796, 0.376, 0.148, 0.381, 0.241
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Tab.4 Atmospheric environment classification of 91 cities
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Tab.5 Prediction results of test data
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Tab.6 Validity of present prediction model
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