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Abstract: Aimed at the problems that the prediction accuracy is low and the dependability of software reli-
ability model is weak based on single neural network, a Real BP-AdaBoost based on weighted information
entropy (WIE) is proposed. First, the Real BP-AdaBoost is established by taking BP neural network as
the base classifier of Real AdaBoost. Then, the weighted method of base classifier of Real BP-AdaBoost is
improved by utilizing the product of the overall weights of the classifier for training samples and individual
weight of the classifier to test samples as the final weight, and the WIE Real BP-AdaBoost is produced. Fi-
nally, the proposed algorithm is compared with SVM, BP neural network, Elman neural network and Real
BP-AdaBoost with respect to two real software failure data. The mean square error of WIE Real BP-Ada-
Boost of the forecasted two sets data is 0.442 87 and 0. 284 71 respectively, both are below the mean
square error of the four comparison models. The result shows that WIE Real BP-AdaBoost is higher in
prediction accuracy and reliable in dependability.
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Tab.1 Time between failures of NTDS d
KRB WK | R MR KRB MRS | KRB Ak
1 9 10 7 19 6 28 47
2 12 11 1 20 1 29 12
3 11 12 6 21 11 30 9
4 4 13 1 22 33 31 135
5 7 14 9 23 7 32 258
6 2 15 4 24 91 33 16
7 5 16 1 25 2 34 35
8 8 17 3 26 1
9 5 18 3 27 87
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Tab. 2 Software failure data of LCCS

JH R H JH R H J R
1 203 6 71 11 27
2 186 7 54 12 42
3 183 8 57 13 55
4 47 9 80 14 62
5 16 10 64 15 11
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Fig. 2 Comparision of NTDS’s accumulative failure
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Tab.3 NTDS data: comparision of five forecast models’ MSE
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Tab.4 LCCS data: comparision of five forecast models’ MSE
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