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Abstract
The use of Artificial Neural Networks (ANNs) is growing day by day in various areas of software engineering and the
relevant studies are significantly focused on the software project cost estimation. The problem of high accuracy cost
estimation is one of the most important issues, which is still a challenge for researchers in the area of software. In this
paper, a new method is presented based on Radial Basis Function (RBF) neural network and Genetic Algorithm (GA)
to estimate software project cost. So, to provide optimal models, we tried to achieve good results by selecting proper
parameter and network architecture. To prove the optimality of our model, the output results of the proposed model were
compared with those of the estimation via the COCOMO81 algorithmic model. Test results show that the proposed adaptive
models provide greater accuracy than algorithmic models, without the need to involve estimator in the details and complex
relationships of the attributes and drivers of software project cost.

Keywords: Artificial Neural Network Model, Genetic Algorithm, Radial Basis Function Neural Network, Selecting the
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1. Introduction

Today, with the advancement of technology, the complexity of software has been growing day by day so that
algorithmic models no longer have effectiveness and stability in their results, and also need the inputs that are
very difficult to obtain during the early stages of software
development projects1. In addition, they face difficulties
in modeling complex relationships between the effective
factors and reasoning abilities2. The increased accuracy
of cost estimation, budget management and scheduling
*Author for correspondence

can facilitate software projects during the development
process3. Effort estimation models for software help project managers to estimate project delivery time, cost and
manpower required to develop software4. In recent years,
to achieve high accuracy estimation, learning-based nonalgorithmic methods were created as a supplement and
alternative to algorithmic techniques5 and are based on
techniques such as fuzzy logic, ANNs, decision trees, evolutionary computation6 so that, in recent decades, they
are proven to have better performance than algorithmic models7. Due to the ability to learn and model the
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complex nonlinear relationships, ANNs have been able to
achieve great success in the cost estimation3,8.
In this paper, we intend to develop software project
cost estimation models consistent with the COCOMO81
model using the technique of RBF neural network. In
addition, to present a reduced model, GAs will help us
to select a set of the attributes related to the total attributes of software projects. The test results show that if
some parameters are ignored in the software projects,
estimation based on a number of them not only do not
harm the accuracy of the estimation, but also increase its
accuracy. As an optimal algorithm, GA ensures the selection of the most relevant attributes so that, on the whole,
the network training will be improved. Finally, to prove
the optimality of the proposed models, we compare them
with the output of the COCOMO81 algorithmic model.
Furthermore, this paper is organized as follows:
Section 2 examines studies related to the software project
cost estimation problem. In Section 3, we will compare the
estimation based on the COCOMO81 algorithmic model
and two selected models RBF neural network model and
the reduced model of RBF network, using GAs, and then
will evaluate the tests and compare the simulation results
of the selected models in Section 4. Finally, Section 5 will
be done conclusions.

2. Related Works
RBF neural network is an alternative to multilayer perceptron neural network, which has been able to perform
better in some cases, so that it was used to estimate software projects9. Here, two tests were used to compare
the results of the performance of the ANNs with those
of regression analysis model: the first involves the third
generation languages, and the second is a combination of
the third and fourth generations. Output results based on
the MAPE evaluation criterion for the model of this network are equal to 47.6% for the function point index and
31.96% for the index of lines of code.
Another study based on RBF model was performed10,
which compares the two models of RBF network and support vector regression simultaneously. This simulation is
based on dataset that is taken from NASA software projects. The sequential optimization algorithm is also used
to optimize the parameters of support vector regression
model. The best results of the MMRE and PRED criteria
(25%) for RBF network are equal to 0.1870 and 72.22%,
respectively. The value of the second criterion for support
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vector regression indicates that 15 of 18 projects are within
25% of the properly estimated effort, while it includes only
13 projects for radial basis function network.
Much research has considered the use of GAs as a
powerful tool to optimize model parameters based on
machine learning, among which11 combines the GA with
the neural network model of Support Vector Machine
(SVM), to predict software reliability. In this paper, which
examines the major impact of key parameters of the SVM
on the performance, GA is used to optimize the parameters of the SVM model simultaneously. So, if a certain
range of parameters is considered as the search space,
coding to convert it to decimal form of chromosomes
was conducted on GA, and the fitness evaluation is made
according to the MSE criterion. According to the results
obtained in this study, the proposed model has been
proven to perform better than other models that use only
SVM without optimizing the parameters, and MSE value
of the proposed method reached 3.55.
Furthermore, model11 which was inspired by Wang
and Hung model, another GA-based method is used to
select the optimal parameters and attributes for machine
learning regression, in order to estimate software effort.
This paper evaluates and compares three techniques of
Support Vector Regression (SVR), multilayer perceptron neural network (MLP) and GA-based tree model,
which its simulation results show an improvement of this
method, compared to the recently studied methods for
estimating software effort.
In addition, Zeng12 improved the software effort estimation using the neural function approximation. It only
used the appropriate attributes from those considered in
software projects, in order to improve the estimation performance. To build the model, 16 independent features of
the original dataset (which include COCOMO 81, NASA
60, NASA 93, Albrecht CF and Desharnais) were used to
adjust the COCOMO81 equation; and the feed forward
architecture was selected for the ANN. The simulation
results show that the proposed model performs better
than the single ANN model so that the MMRE and PRED
evaluation criteria (25%) are equal to 1.0 and 0.56 for the
COCOMO81 dataset and 0.18 and 0.81 for the NASA 60
dataset, respectively.

3. The Proposed Model
The main problem for creating an optimal model is to
make a more accurate estimation of the amount of software
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project cost, as compared with the proposed algorithmic
models. ANNs, which are a subset of the machine learning-based models, are a powerful tool for the problem of
high precision estimation. In this paper, the RBF model
is trained on the basis of the COCOMO81 dataset, and
a reduced model is proposed based on GAs. First, we do
estimation based on the intermediate COCOMO model,
in order to compare the estimation results of the three
models and to show the improved accuracy of the ANN
models as compared to algorithmic models.
For an overview, the work process in the estimation
using the models based on ANN techniques is given as a
flowchart in Figure 1.

3.1 RBF Networks
RBF network is a popular alternative to the multilayer perceptron network, and has comparatively better

performance when there is a large number of training
samples5. Training RBF network is easier than the perceptron network training13.Although it is similar to the
multilayer perceptron network in terms of the number of
layers and the architecture8. Its hidden units have a structure different from the units of the input/output layer14.
The transfer function in the neurons of the hidden layer
is based on a Gaussian distribution9, which is calculated
according to Equation (1)10.
ϕj x − cj =

(

)

 1/2 σ2 x − c 2 

j 

e

(1)

where, cj is the center of RBF for the jth neuron, σ is the
Gaussian width, and x is the input vector13. The output of
RBF network is calculated according to Equation 213.
y k (x) =
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3.1.1 RBF Network Architecture
The model proposed in this paper on the RBF network
architecture consists of two layers15. The neurons in the
first layer calculate the distance between the centers and
the input16. That we were considered equal to 16 neurons
(number of attributes of the intermediate COCOMO
dataset) and the second layer calculates the weighted sum
of the outputs of the first layer and passes it through the
linear activation function17. Figure 2 shows the RBF network architecture.
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where, i and j are the number of neurons in the first
layer and the hidden layer, respectively; and R represents
the total number of elements in the input vector14.

Figure 1. A schematic of the proposed model.
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Figure 2. RBF network architecture.
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3.1.2 Training RBF Networks

3.2 Creating a Reduced Model using GA

Training of a RBF network involves a two-step learning
process17. As a first step, the input dataset is used to determine the parameters of basis function φj (for example, σ
and cj), and the weights wkj are obtained in the second
step18.
Here, the newrb function is used to generate RBF network and requires two parameters of objective (based on
MSE) and spread19. To achieve the optimal value of spread,
different values of the parameter are given to the function, and then, the network performance is compared13.
According to Table 1 and Figure 3, the RBF network
model with a spread of 0.05, 31 hidden layer neurons, is
best performance.
Figure 3 shows the learning curve for the best RBF
network model, wherein the trained network has reached
its best performance in the step 5.

Selecting a subset of relevant attributes from a dataset
plays an important role in increasing the performance
of estimation problem, or the very machine learning11.
Among the 16 attributes that have been intended for the
intermediate COCOMO model to estimate the amount of
software project effort, we select 10 of the most relevant
and the most appropriate attributes by using GAs, so that
it not only reduces the complexity of the model but also
raises the network estimation performance4.
Genetic algorithm is an efficient, parallel and global
optimization solution based on the principle of survival
of the fittest20. Genetic algorithm is based on the chromosome that offer a candidate solution for a given problem,
and the evaluation of each candidate solution or chromosome is made on the basis of their fitness value, which is
determined by the objective function, and has the ability to survive chromosomes in the current population3.
After the chromosomes with higher fitness values were
selected for the new generation, a series of operations on
the chromosomes lead to promote optimal solutions and
overcome the disadvantage of local minimization in the
presented problem, and a new population is generated.
The most popular of these operations include selection,
crossover and mutation21.
The results of implementing the reduced model RBF
network on the COCOMO81 dataset based on the MSE
are shown in Figure 4 and Table 2, respectively.

Table 1. Results of training RBF networks
MSE(test) Epochs Neurons Spread

Goal

0.03482

25

25

2

0.00001

0.00767

18

18

1

0.00001

0.00179

16

16

0.5

0.00001

0.00112

11

11

0.1

0.00001

0.00033

31

31

0.05

0.00001

0.00063

34

34

0.01

0.00001

0.00090

31

31

0.005

0.00001

0.00093

22

22

0.001

0.00001

Figure 3. Performance of the improved RBF network
during training.
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Figure 4. Performance of the improved RBF network
using GA during the training.
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4. Evaluation of Results

network models shows that RBF models have much
higher accuracy than algorithmic models, and that the
reduced model of RBF neural network has the error value
less than a simple model of RBF network.

This research was carried out using the MATLAB programming language. At first, the value of effort estimation
error for a hybrid model of RBF neural network using a
GA with the amount of effort of COCOMO algorithmic
model on 63 COCOMO81 dataset projects is depicted in
Figure 5, to demonstrate optimal performance of ANN
models. It can be seen that in most cases, the error of the
hybrid model of ANN with GA has a value much less than
an algorithmic model.
The results of the intermediate COCOMO algorithmic model are based on three evaluation criteria of
the Mean Square Error (MSE), the Mean Magnitude of
Relative Error (MMRE), and the Median Magnitude of
Relative Error (hereinafter briefly called MdMRE), which
are listed in Table 3.
The results of training the best RBF network architecture and the reduced model of RBF network, along
with some of the most relevant attributes, are presented
in Tables 4 and 5, respectively. The mean square error
of the test is equal to 0.0033 for the reduced model of
RBF network and 6.7922e-06 for the reduced model of
RBF network. A comparison of the results of the two

5. Conclusions
The software project cost estimation using ANNs is one of
the most powerful techniques to estimate software projects, so that high accuracy estimation eliminates the need
of software companies for experts in this field and does not
involve them in details and knowledge of the attributes of
software projects, to estimate the amount of effort. Since
we are increasingly faced with the advances in software
technology, more complex algorithmic equations will be
naturally required, which may not be amenable to do high
accuracy estimation and may need more efficient professionals to offer. Due to the strong capability of learning

Table 2. Results of the Combined model
of a GA with RBF network
MSE(test)

Neurons

Spread

0.0014

MSE(train)

0.0269

25

2

2.9054e-04

0.0121

25

1

1.0006

0.0222

25

0.5

1.2440e-05

0.0192

25

0.1

9.0092e-07

0.0024

34

0.05

9.9614e-07

6.7922e-04

33

0.01

8.7999e-06

5.58764e-02

36

0.005

2.8941e-06

0.0013

32

0.001

7.7561e-06

0.0284

37

0.0001

Table 4.

Table 5.

0.0077

0.0137

842

COCOMO81

MdMRE

MMRE

MSE

113.2

2.92

0.0287

MMRE(train)

MMRE(test)

MSE(train)

MSE(test)

0.4220

0.9665

3.5476e-06

0.0033

Results of the evaluation criteria for the best architecture of reduced rbf-GA model
MdMRE(train) MdMRE(test)

RBF-GA

Table 3. Results of the COCOMO
dataset using an intermediate COCOMO
algorithmic model

Results of the COCOMO dataset using the proposed rbf model

MdMRE(train) MdMRE(test)
RBF

Figure 5. Comparison of the value of effort estimation
error of COCOMO algorithm model and reduced rbf-GA
model.

0.0125

Vol 7 (6) | June 2014 | www.indjst.org

0.0044

MMRE(train)

MMRE(test)

MSE(train)

MSE(test)

0.1636

0.5485

9.9614e-07

6.7922e-06
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and modeling complex non-linear relationships, the
neural network eliminates the need of specialists to use
complicated algorithmic models.
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