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Abstract: There exists error accumulation in the multi-¢lassification method based on support vector ma—
chines and decision trees. It tends to decrease classification accuracy and results in a bad classification.

With a careful analysis of error accumulation it proposes a new multi-elassification method based on
Huffman Tree and SVM. It divided a multi-elassification problem into multiple binary classification prob—
lems and gave classification priority depending on the dissimilarity. At last through an experiment
with Lecast open source data sets it verified the effectiveness. The experimental results show that the
new method is superior to the traditional multi-¢lassification method in classification speed and classifica—
tion accuracy.
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Fig.4 Two Kkinds of structures of the decision tree
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Tab.1 Number of samples and test results

/ /
1 2 3
1 764 255 235 237 242
2 425 142 119 129 133
3 741 247 213 227 244
4 566 189 158 172 184
5 674 224 188 213 201
6 382 127 99 106 112
7 513 172 137 151 161
8 644 215 182 198 194
9 7719 260 220 241 245
10 732 244 223 235 233
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Fig.9 Accuracy of three multi-class classification methods
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Tab.2 Results of three multi-class classification methods

SVM 1% /s /s
SVM 85.549 276.184 23.121
SVM 92.052 37.773 5.839
SVM 95.520 45.810 5.132
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