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Software Reliability Prediction Based on Continuous Deep Confidence Neural Network
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Abstract In order to improve the accuracy of intelligent prediction of software reliability, continuous depth confidence neural net-
work algorithm is used for software reliability prediction. Firstly.the core elements samples that affect software reliability are ex-
tracted,and the key features of the sample elements are obtained. Then,a software reliability prediction model based on conti-
nuous deep belief neural network (DBN) is established. The samples to be predicted are input,and the parameters such as DBN
weight are obtained through pre-processing training of multiple Restricted Boltzmann Machine (RBM) layers and multiple re-
verse fine-tuning iterations until the maximum number of RBM layers and the maximum number of reverse fine-tuning iterations
are reached. Finally,a stable software reliability prediction model is obtained. Experiments show that good software reliability
prediction accuracy and standard deviation can be obtained by reasonably setting the number of nodes in the hidden layer of DBN
and the learning rate. Compared with commonly used software reliability prediction algorithms, this algorithm has high prediction
accuracy,small standard deviation and high applicability in software reliability prediction.
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Fig.1 The main influencing factors of software reliability
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HEE  TE B H HEMSE HEE/N
JM JM1 10876 2101 19.32
PC3 1560 160 10. 26
PC PC4 1458 178 12.21
PC5 17186 516 3
KC1 2107 325 15.42
KC KC2 523 105 20.08
KC3 458 43 9.39
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Table 2 Predicted MSE values of different K values
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Fig. 4 Prediction accuracy of different learning rates
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Table 3 Software reliability prediction performance of different

algorithms

s . . T 5 ol
BERE 5k o MSE W /s
RVM 0.7835 0.0425 40. 194

ARIMA 0.8823 0.0461 45.428

M PSO-ANN 0.8912 0.0568 60.253
LSTM 0.8961 0.0513 56. 395

CDBN 0.9352 0.0506 56.253

RVM 0.8165 0.1142 87.612

ARIMA 0.8929 0.0512 91.427
PC PSO-ANN 0.8862 0.0552 136. 254
LSTM 0.8834 0.0537 121.674
CDBN 0.9271 0.0533 117.371

RVM 0.8135 0.1346 7.472

ARIMA 0.8952 0.0617 10.502

KC PSO-ANN 0.9108 0.0556 24.025
LSTM 0.9013 0.0523 19.353

CDBN 0.9286 0.0525 17.059

RVM 0.8314 0.1236 86.512

. N ARIMA 0.9005 0.0546 92.102
}i(;‘:’Ai/)& PSO-ANN 0.8721 0.0563 137.552
LSTM 0.8604 0.0562 120. 824
CDBN 0.9126 0.0572 117.453
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