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Abstract Support vector machines (SVMs) have been used for network traffic prediction, but there often exist large prediction errors.
This paper presents a network traffic prediction method based on multi—class support vector machine. Through establishing an
encoding method in the training phase, the training output is binary encoded, and is established by one to one correspondence with
the training input, training the multi—class support vector machine. By constructing a decoding method in the prediction phase, the
prediction output is binary decoded, approaching the real value, realizing network traffic prediction and reducing the prediction errors.
In simulation experiments, comparison of the real network traffic data and prediction results shows that they have the same evolution
trends. Under the same condition, the accuracy of single SVM algorithm is about two times that of BP algorithm, while the accuracy of
the proposed algorithm is about two times that of single SVM algorithm. The experiment results show that the proposed method has
higher prediction accuracy in contrast with existing algorithms such as those of single SVM and BP neural network.
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Fig. 1 Network traffic prediction model of multi-class SVM
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Table 1 Data encoding and decoding table of nine SVMs
BT e SVM1 SVM 2 SVM 3 SVM 4 SVMS SVM 6 SVM7 SVMS SVM9
0 0 0 0 0 0 0 0 0 0
1 0 0 0 0 0 0 0 0 1
2 0 0 0 0 0 0 0 1 0
3 0 0 0 0 0 0 0 1 1
508 1 1 1 1 1 1 1 0 0
509 1 1 1 1 1 1 1 0 1
510 1 1 1 1 1 1 1 1 0
511 1 1 1 1 1 1 1 1 1
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