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Abstract.     The promising software reliability prediction techniques can be based on nonparametric models, in 
particular artificial neural networks. In present paper the influence of input neurons number of RBF neural net on time 
series software failures prediction efficiency have been studied. The neural network training and reliability prediction 
were performed using the testing results of open source web-browser Chromium. The public report for about 870 days 
of testing, during which was revealed near 1000 errors was used. Two series of experiments have been carried out; 
both included configurations where the input layer neurons number varied from 5 to 45 with increment of 5. Within  the 
first set of experiments RBF neural network  with 30 hidden  neurons  was developed while 10 hidden neurons nave been 
used within the second set. It is shown that using the Inverse Multiquadric activation function the most accurate 
prediction is obtained for 10–20 input neurons and 30 hidden neurons. 
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1  Introduction 
 

Modern significant achievements in science and creating breakthrough technologies require increasingly growing 
capacity of modern computers. The uniting role of software enabled developers to design systems that cover more and 
more broad areas, while growth and development of the component approach causes the overall complexity of the 
software design. However, in a sharp contrast with the development of modern electronic equipment, the corresponding 
progress in software industry is moving at a much slower pace. As a result, there is a contradiction between 
responsibility and complexity of modern software and techniques for its reliability analysis [1]. 

The promising software reliability (in particular failure count or failure intensity) prediction techniques can be based 
on nonparametric models [2, 3]. The basis of such techniques is description of stochastic process using valid and 
representative statistical sample. As above-mentioned models, artificial neural networks are widely used due to their 
proven ability to generalize and fit almost any nonlinear, continuous function with arbitrary precision [4]. The main 
advantage of such prediction techniques is absence of prior suggestions about the law of stochastic process, while the 
main disadvantage could be the necessity of obtaining the empirical observations of sufficient volume and the necessity 
of neural network training for every new sampling. 

In previous papers [5, 6] the suitability and efficiency of RBF neural network as well as the influence of activation 
function on software failures prediction accuracy have been studied. It have been shown that optimal from the training 
velocity point of view is Gaussian activation function while the most accurate prediction was obtained using Inverse 
Multiquadric activation function [6]. The goal of this work is studying the influence of input neurons number on 
software failures prediction efficiency for RBF neural net with Inverse Multiquadric activation function to reveal the 
optimal neural network configuration for mentioned task. 

 

2  Results and Discussion 
 

Two series of experiments have been carried out; both included variable input neurons configurations and Inverse 
Multiquadric activation function. The input layer neurons number varied from 5 to 45 with increment of 5. Within  the 
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first set of experiments RBF neural network with 30 hidden neurons was developed while 10 hidden neurons nave been 
used within the second set. The training of the neural network was performed out until the accuracy of 0.005 or until 
5000 training epochs was reached, depends on what comes first. The network training and reliability prediction were 
performed using the testing results of open source web-browser Chromium. The public report for about 870 days of 
testing, during which was revealed near 1000 errors was used. For training and prediction purposes the time intervals 
with information about software failures should be equally distributed, so the input data have been normalized before 
study. After pre-processing, the obtained time series are used for neural network training. In this paper the test results 
were divided into 150 equal time intervals. First 100 intervals were used for neural network training while the last 50 
for prediction verification acting as control data. 

To evaluate the predicting efficiency the following parameters were used: number of training epochs, which 
characterized the velocity of neural network training; Pearson correlation coefficient between predicted and control 
experimental data, which indicates a linear dependence of the two samples; and standard deviation, which characterizes 
the fit of the model to the statistical data in a uniform metric. The results of statistical description of the software 
failures prediction efficiency for both series of experiments are listed in Table 1. The dependency of standard deviation 
of predicted and control data on input neurons number is shown in Fig. 1. 

The results of the first experimental set with 30 hidden neurons demonstrate that the optimal number of input 
neurons is 10–15. Other configurations shows a significant reduction of prediction accuracy (see Table 1). In contrast, 
the second experiment with 10 hidden neurons reveals two ranges of optimal values of input neurons number – from 5 
to 10 and from 20 to 25 neurons (Fig. 1). Further increasing of input neurons number results in significant increasing of 
training duration, increasing probability of neural net paralysis as well as decreasing the prediction accuracy (up to 10–
15%). It should be noted here, that in the first experiment the worst accuracy was up to 30% deviation of predicted data 
from the control set. 

 

Tab.1. Dependence of prediction efficiency on input neurons number. 
Input neurons Hidden neurons Training epochs Correlation coefficient Standard deviation 

5 30 325 0.9987 3.9 

10 30 478 0.9982 1.3 

15 30 171 0.9976 2.4 

20 30 2918 0.9974 7.7 

25 30 244 0.9971 1.4 

30 30 178 0.9963 5.9 

35 30 403 0.9968 37.3 

40 30 411 0.9971 19.3 

45 30 27 0.9943 29.0 

5 10 1976 0.9984 3.6 

10 10 818 0.9984 4.6 

15 10 3916 0.9981 12.4 

20 10 303 0.9972 2.2 

25 10 6991 0.9976 8.5 

30 10 2868 0.9969 10.8 

35 10 8906 0.9964 14.0 

40 10 14728 0.9963 20.1 

45 10 24 0.9957 17.2 
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Fig. 1. The dependence of standard deviation on input layer neurons 
quantity for both experiments carried out. 

 
Fig. 2 shows the time series of predicted and actual software failures for Chromium browser. The predicted data 

were obtained using the following RBF neural net configuration: Inverse Multiquadric activation function, 10 input 
neurons, and 30 hidden neurons. The training duration of this network was 478 epochs. As it is shown from Fig. 2 the 
optimal set of parameters results in high proximity of predicted and empirical data. 
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Fig. 2. An example of Chromium browser faults prediction using RBF 
neural network. 
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3 Conclusion 
 

This paper shows that in case of Inverse Multiquadric activation function similar to Gaussian one [7], the best 
prediction efficiency was obtained using configurations with relatively small number of input neurons (less than 25), 
that corresponds to short time series history taken into consideration. Using 40–45 neurons in the input layer (which 
corresponds to 25–30% of training data set). Note that the minimal training period not necessarily leads to maximum 
prediction accuracy. Thus, for the first experiment the maximum prediction accuracy was reached using 10 input 
neurons, while the minimum training duration (27 epochs) was reached using 45 input neurons with standard deviation 
of 22.8%. The same situation is for the second experiment – maximum accuracy was obtained using 25 input neurons, 
while minimum training duration got for 45 input neurons. At the same time the usage of Inverse Multiquadric 
activation function results in higher average training duration with the susceptibility to paralysis but at the same time in 
higher prediction accuracy in contrast to Gaussian activation function, which correlate well with the results, reported in 
[6]. 

To summarise one may conclude that the optimal configuration of the RBF neural network for software failures 
prediction consists of Inverse Multiquadric activation function, 10 input neurons, and 30 hidden neurons. Using this 
neural net allows getting time series prediction with standard deviation of about 1.0%, and squaring Pearson correlation 
coefficient between predicted and control set of 0.9965. Meanwhile at the expense of decreased prediction accuracy to 
1.7%, one can get the neural network training period 3–6 times less using Gaussian activation function with 15 input 
neurons and 10 hidden ones [7]. The further work will be devoted to optimal hidden neurons number identification to 
get the ultimate optimal RBF neural network configuration for the software failures prediction task. 
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