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Abstract: Software is reckoned to be one of the most expensive the application tools in the computer system and
accurate estimates the cost of software projects is always the most important concern of project managers.
Accuracy in Software Cost Estimation (SCE) enables project manager to make various decisions while development
cycle of software. Estimation accuracy of software cost helps project managers, analysts, designers, programmers
and other member of development team to know how much effort and time is needed for software projects
production. Different models have been used for SCE according to Line of Code (LOC) and Function Point (FP).
COCOMO which is an algorithmic model for SCE, basically approximate LOC and the cost of developing software
projects based on complexity of projects. In this paper, we have used a hybrid of Artificial Neural Networks (ANNs)
and Imperialist Competitive Algorithm (ICA) for SCE in NASA’s software project and we have used ICA to learn and
to optimization. ICA with mathematically modeling the phenomenon of imperialism has been applied as an effective
algorithm in optimization. Result show that the hybrid model has reduced Magnitude of Relative Error (MRE) and
Mean MRE (MMRE) errors remarkably in comparison to COCOMO and ANN.
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Algorithm
1. Introduction
* The final outcome in design and implementation
of software projects illustrated that majority of
projects have been failed due to improper cost
estimation
and
consequently
inaccurate
schematization and scheduling by manager
(Gharehchopogh, 2011). Because software projects
are complex and abstract, cost estimation and
scheduling is too difficult. In software project
management, cost estimation must not be
undervalued; otherwise it may lead to rather bad get,
no development, low quality and no completion
(Ricardo de A.A et.al., 2012). Precise SCE helps to
classify and to precede developing projects
according to the general scheme of business. It also
helps declaring how resources should be specified to
the project and how much should be applied. A
successful software project must be completed based
on definite and predetermined cost and time. SCE
includes determining one or more of the estimation
follows (Boehm B.W., 2000, and 1991): Effort
(Person/Month (P/M)), Project duration, and Cost.
Most of the cost estimation models in the field
calculate effort software projects have studied time
and cost the number of persons per month
(Cuadrado-Gallego et al., 2006).
Though effort and cost are so close and
dependent, they are not essentially accounted
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according whit an easy correlated function. Effort is
usually accounted according to P/M by
programmers, analysts and project manager. Effort
estimation can be changed to dollar cost through
accounting average payment of per time until, then
the result must be multiple into the estimated effort.
Below are three major factors which experts must be
concerned with during the estimated cost of
software projects:
- Which software utilizes the cost estimation model?
- Which criterion should be applied for calculate size
of the software, LOC or FP?
- What is a fine estimation?
Software development is one of the most
sensitive factors in investment for software
companies and software engineers are often worry
about accurate estimations and quality of projects
(AlYahya et al., 2010). Generally, there are many
ways in order to assess cost of software projects.
However, they are divided two major groups:
algorithm and non-algorithmic. Application of both
groups is necessary for accurate estimates. They all
worked better if characteristic of software projects
are well-defined. Algorithmic models operate a
specific algorithm. At the beginning, these algorithms
usually need information and dates about former
projects and they result through mathematics. Some
of the mathematical calculations deal with SCE
through using simple formulas and specific data,
other calculations is based on regression models and
differential equations in order improve the accuracy
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estimation. They had better comparison with
COCOMO. Review and evaluation have been done on
60 software projects from NASA dataset. Test result
show that the hybrid of GA and ACO compared to
COCOMO has better performance in estimating the
cost software projects and has less MMRE.
Data mining techniques are proper models for
SCE. One of the most critical issues in software
development is accurate estimate of costs. SCE has
been simulating through using techniques such as
Liner Regression (LR), ANNs, Support Vector
Regression (SVR) and K-Nearest-Neighbors (KNN).
Using the model LR the dependency of effective
properties can be determined in SCE. The model LR
finds the relationship between dependent and
independent factors among data. ANNs try to have
more accurate SCE by training and testing data. SVR
is used to optimum effective factors in SCE. KNN is a
technique in data mining that is used to closing data
that have already been classified and their features
have been specified. KNN is applicable to determine
the weight of effective factors. Their results show
that model SVR has less MRE in comparison with
other models.
Hybrid of MLP and COCOMO II are for increase
the accuracy of SCE used (Kumar K.V., et.al. 2008).
Evaluation has been done on two dataset for 63
projects and other 100 projects. The major purpose
of this hybrid is to have better training of this
combination is to have better training of input data
by MLP. In hybrid model there are two factors that
are called Effort Multiplier (EM) and scale factor.
They are trained by the middle layer and they are
evaluated and tested by model COCOMO II. The input
layer of MLP includes 5 neurons scale factor, 17
neurons EM and 2 neurons bias. The sigmoid
function is used for the activation function of middle
layer and back-propagation is used for training.
Experimental result has shown the hybrid model has
lesser error in comparison with COCOMO II. There
for MMRE and PRED criterions have lesser error
value in MLP-COCOMO II in comparison with
COCOMO II.
C-means algorithm is used for SCE in order to
train Radial Basis Function Network (RBFN)
network (Gharehchopogh et al., 2014, 2012; Idri et
al., 2006). In cases where the training data size is
large, usually the clustering method is used to reduce
the data. C-means algorithm is used for optimal
selecting the RBFN function centers in hidden layer.
RBFN networks have been evaluated on the data set
of COCOMO81 software projects. Results show that
PRED and MMRE have shown that the error is
reduced.
Nowadays, despite numerous methods of
estimation, accurate estimate of the software cost is
still not easy and many researchers seek to use and
combine different methods to archive more accurate
results. The COCOMO II and MLP networks are
combined for achieving more accurate results
(Attarzadeh et al., 2012). In order to take advantage
of the unique benefits of the models of the models
COCOMO and MLP, the hybrid method is used.

of algorithmic models, we need to adjust and
calibrate the model to the local conditions. However,
unlike the algorithm methods, cost estimation in
software projects using non-algorithmic methods is
based on comparison and inference. To use these
methods, some information about previous objects
that is similar to new projects is required. Usually
the estimation process is according to an analysis of
previous data. Models based on Artificial Intelligence
(AI) and meta-heuristic are example of nonalgorithmic estimation models (Khalifelu and
Gharehchopogh, 2012).
In recent decades researchers have been able to
archive great success in SCE by using AI and metaheuristic techniques. A combination of metaheuristic algorithm with other algorithms is used to
achieve the optimum solution or a near optimal
solution in solving optimization problems. One of the
many applications in AI models to estimate the cost
of software projects are ANNs (Nassif et al., 2013;
Gharehchopogh, 2011; Gharehchopogh et al., 2012,
2013). One of the most common types of ANNs is
Multi-Layer Perceptron (MLP) that is successfully
used in a wide range of applications such as SCE
(Alexander S. et.al, 2001, German S. et.al., 1992). The
two fundamental problems we are face when
working with MLP: selecting the appropriate
architecture for MLP and selecting an appropriate
training algorithm. Good architecture means
choosing the optimal number of layers, number of
neurons in each layer and the type of activation
function for each neuron. Optimal architecture of
ANNs is based on data sets and their characteristics.
The most commonly used training algorithm for
these networks is the back-propagation algorithm. In
the back-propagation algorithm, new output value is
calculated at each stage and it is compared with the
actual value. Based on the calculated error, network
weights are modified in such a way that at the end of
each interaction, the value of the resulting error is
less than the amount obtained in the previous
interaction. Basis of this minimization is moving on
gradient vector square error function of the network.
SCE using AI algorithms has not been determined
with complete certainty until now. According to the
studies that we’ve done, we have reached the
conclusion that AI techniques perform better than
algorithmic techniques.
ANNs
have
shown
good
accuracy
(Gharehchopogh, 2011). In order to show the
efficiency of ANNs, projects form 60 projects in NASA
dataset software have been tested and trained
through using ANNs. It is compared with COCOMO
and result show that the error rate of COCOMO is
more than the error rate of ANNs. In more than 90%
of the time ANNs had better estimation than
COCOMO it can be concluded that AI methods based
on as a supplement are good alternative to
algorithmic techniques.
According to (Maleki, 2014) a hybrid of Genetic
Algorithm (GA) and Ant Colony Optimization (ACO)
is used for SCE. In hybrid model the effective factors
are tested by GA and they are trained by ACO during
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effort indices, is tested and trained using ANN
(Gharehchopogh, 2011). The results of 11 software
projects on NASA60 Dataset show that the value of
MRE in ANN is less than that of COCOMO model. The
results show that in 90% of occasions, Ann has had
better estimation than COCOMO model.
PSO-FCM and PSO-LA hybrid models have been
proposed for the SCE (Gharehchopogh et al, 2014).
The evaluation has been conducted on NASA60
Dataset. In PSO-FCM hybrid model, the minimum of
inter-cluster distances and total distance within
clusters, besides the number of clusters are used as
fitness and algorithm-enhancement parameters of
Particle Swarm Optimization (PSO). Using Fuzzy CMeans (FCM) makes the particles gather in the best
cluster and causes the fitness function to have many
local optimum points.
In order to improve the performance of PSO,
Learning Automata (LA) is used to regulate the
behaviour of particles. In PSO-LA hybrid model, all
particles simultaneously search for a place in
searching space. The results show that PSO-FCM
hybrid model has lower MRE ratio than PSO-LA LA
model. The value of MMRE in PSO-FCM model is
25.36, 24.56, 24.22 and 23.86 and 26.32 in the PSOLA model. The accuracy of PRED (25) in the COCOMO
Model is 40; it is 61.6, 58.3, 65 and 68.3 in PSO-FCM
Model. It equals 63.3 in PSO-LA model.

Dataset of NASA93 and COCOMO I have been
evaluated. The result show the hybrid model which
is called ANN-COCOMO II has improved the
estimation accuracy to 8.36 percent in comparison
with COCOMO II. The error value of PRED (25) on
NASA93 dataset is 45% in COCOMO II and 52% in
ANN-COCOMO II. Also, the error value of PRED (25)
is equal to 37.5% on COCOMO I dataset for the model
COCOMO II and it is equal to 45.5% for the mode
ANN-COCOMO II. The error value of MMRE is equal
to 0.5025 in COCOMO II and 0.4579 in ANN-COCOMO
II.
The structure of the paper is as follows: in Section
2, we display related works and in Section 3, we will
explain the proposed model; in Section 4, will be
shown evaluation and result of the proposed model
with others models and finally in Section 5,
conclusion and future works is presented.
2. Related works
A hybrid of Firefly Algorithm (FA) and GA models
is proposed for SCE (Maleki, I. et.al. 2014). The
evaluation has been conducted on NASA93 Dataset.
In the proposed model, using elitism operation GA
attempts to find the best answer for effort factors,
evaluate it in fitness function and present a solution
with the lowest value of error as the final answer.
The results show that the value of MMRE is 58.80 in
the COCOMO model and respectively 38.31 and
30.34 in GA and FA models; it equals 22.53 in the
hybrid model. The accuracy of PRED (25) in GA and
FA models is respectively 77.41 and 80.64, and 88.17
in the hybrid model. Comparisons show that the
hybrid model has increased the efficacy of
estimation accuracy to about 2.88% compared with
COCOMO model. The (LR) Liner Regression, Artificial
Neural Network (ANN), SVR and (KNN) K Nearest
Neighbors techniques have been utilized for SCE
(Khalifelu Z.A., Gharehchopogh F.S, 2012).
By using LR model, we can determine the
dependence of the effective characteristics on SCE.
LR model finds the relationship between dependent
and independent factors among the data. Training
and testing data, ANN tries to reduce the value of
MRE error. SVR model is proposed for optimizing the
effective factors on SCE. KNN is a data-analysis
technique which is used for classifying data in a set
of data which have already been classified and
whose properties have been determined. KNN is
used to determine the weight of effective traits on
SCE. Prediction accuracy on the training data is
respectively 74%, 87%, 95% and 68% in LR, ANN,
SVR and KNN models. Also prediction accuracy on
the tested data is respectively 60%, 95%, 80% and
60% in LR, ANN, SVR and KNN models. The value of
MAE is respectively 39.17%, 12.07%, 36.32% and
1.12% in LR, ANN, SVR and KNN models.
In addition, the value of RRSE error is
respectively 11.6%, 2.37%, 8.20% and 0.77 in LR,
ANN, SVR and KNN models. Their results show that
KNN model has lower value of MAE in contrast to
other models. NASA60 Dataset, which constitutes 15

3. Proposed method
Problems of using form algorithm models in SCE
have led to much effort in optimizing these
algorithms and a different method is presented for
estimation. Among these, we can say that ANNs are
highly efficient according to the characteristics such
as high speed and noise immunity, ability to training
and generality and resistance to change parameters
more proficiency. ANNs are one of the computational
methods that with help of the learning process and
the use of process called neurons and recognize the
relationships between data try to provide a mapping
between the input space (the input layer) and
favorable space (output layer). Layer (s) or hidden
layers process the data processed from the input
layer and gives it to the output layer. Training is a
process that will ultimately lead to learning.
Learning network occurs when network connection
weights between the layers change in a way that the
difference between measured and predicted values
is acceptable. By achieving these requirements,
learning process take place. These weights show
memory and knowledge of the network of the
network. Some of the significant features of ANNs
are high speed processing, ability to learn the patters
by following those patterns, generalizability after
learning, resilience in against unexpected errors and
not creating significant disruption in case of troubles
in case of troubles due to the weight distribution
network connection. In this paper, we use MLP that
that is briefly explained below:
This network includes one input layer, one or
more hidden layers and one output layer. In training
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stage to training information perceptron is given and
the network weights are adjusted in such a way that
error between the current output and the target is
minimal or number of training reaches to the
present value. Then to assess the accuracy of the
learning process, some inexperienced input is
applied to the network.
These inputs are different from those inputs used
in the network training process. Generally training
ANNs is very complex and it is an optimization
problem with the number of variables. For MLP
training that multi-layer feed forward network using
back propagation algorithm. During MLP training
with the help of back propagation learning
algorithm, first, the calculation of the network input
to the output of the network is done and calculated
error values spread to the prior layer. At first,
calculation of the output can be done layer by layer
and the output of each layer will be the input of the
next layer. In propagation mode, output layer are
adjusted at the beginning, because there is a good
amount for each of neurons and whit regard to this
fact and the update rule, the weights can be adjusted.
In this paper, the multi-layer feed forward
perceptron network along with the back propagation
learning algorithm is composed of three simple
process layers that are connected together. In this
network the relationship between the outputs (Ot )
and inputs

(Ot −1 , Ot −2 ,..., Ot − p )

the number of hidden layer and number of neurons
is so important for each of them. If the number is
low, networks to solve complex and non-linear
problems with learning error will be faced problems.
And if it is increase will cause two problems: The
first, training time increases and the second,
network may learn the trivial network system of
training data and solve poorly. One another form
problem of MLP networks is that, despite the backpropagation algorithm has given very good result in
solving problems; it performs poorly in solving some
problems. It could be due to long or unclear time of
learning, inappropriate selection of the learning
coefficient or random distribution of initial weight.
In some cases of the existence of local minima,
learning process is disrupted. This is due to the
answer which is on the verge of local parts of the
threshold functions. To resolve this problem and to
enhance perceptron network performance, we have
hybrid it with ICA. In Fig. 1 shows the hybrid model
of ANN and ICA.

is the Eq. 1.

Q

P

j =1

i =1

Ot = b0 + ∑ w j .g (b0 j + ∑ wi , j .Ot −1 ) + ε t (1)
w

w

Fig. 1: Proposed method: hybrid model of ANN and ICA

In the Eq. 1, j and i , j are the parameters of the
model and they often called the connection weights
ε
Q
and t is an appropriate for t that on reaching the
less it can be accepted that the network is well
trained. P is the number of input neurons and Q
represent the number of hidden neurons. Neurons in
the hidden layer can use different active functions in
order to produce the output. The most common ones
are sigmoid logarithm functions, tangent sigmoid
and linear active functions. That in this paper, we
have used sigmoid active functions that are
calculated according to the Eq. 2.

ϕ (v ) =

1
1 + exp( − av )

As shown in Fig. 1 architecture of a proposed
method consists of five layers. The first layer is input
layer and the two next layer train network by ICA
and the fourth layer which is related to the hidden
layer network, is used for greater convergence of
network and the lost layer is the output. The first
layer that includes 15 neurons is receives EMs of
each project from the input. These EMs include
RELY, CPLX, DATA, ACAP and etc. (Menzies et al.,
2005). Each EM shows the importance of projects
with respect to factors that have been considered.
Then data are given to the second layer which is
related to ICA for better optimization and finding the
necessary resources. Second layer includes 15
neurons that those neurons from the initial
population (countries). Each of them considers just
one of the factors as power function. After formation
of countries, primary empires are formed and
according to their EMs each of from empires number
of countries belongs to them. In this stage, we have
considered the number of empires equal to 5. Now
competition between countries of each empire and
between all the empires has started and as it is said
in the introduction of ICA, empires are trying to
converge subsidiary countries by changing the value
of EM and are trying to move them toward

(2)

ϕ (v)

In Eq. 2,
is the value of sigmoid active
function that is applied to the neurons in hidden
layer in order to achieve the proper output. MLP
introduced in Eq. 1 is actually a non-linear mapping
from post observations to future value that is clearly
shown in Eq. 3.

Ot = f (Ot −1, Ot − 2 ,...,Ot − p ,W ) + εt

(3)

In the Eq. 3 w is the vector of all parameters and f
is a function that is determined by the neural
network structure and connection weights. Selecting
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themselves. In every time imperialistic competitions
the power of each country and the weakest country
of a weak colony granted to strong empires. This is
repeated until the total elimination of a weak empire
(Atashpaz and Lucas, 2007). Deleting of empires will
continue until an empire remains. The input of the
fourth layer that is the output of ICA, receives
optimizes EMs from ICA. And from Eq. 1 is used for
calculating the weights between third and fourth
layer. Each layer has its own weight. In fourth layer,
their values and their weights are updated by
applying Eq. 2 each node. The percent of estimation
accuracy is calculated by applying Eq. 4.

MREi =

Actuali − Estimatei
× 100
Actuali

Using Eq. 5, the total error between the proposed
method and ANN and COCOMO models is
comparable. Also percentage relative error deviation
is considered as an important measure of fore cost
accuracy. The most common methods of checking
accuracy in prediction are MMRE and PRED.
PRED(x) is defined according to Eq. 6 (MacDonell
S.G. and Gray A.R., 1997).

PRED ( x) =

4. Evaluation and results

( 4)
Several indices should be considered for
estimating SCE and one of the most important
parameters that need to be considered is the size of
the projects. SCE depend on the accurate estimation
about the LOC. Software projects are often not
unique and there is no back ground or previous
experience about them. So estimation seems
complex. On the other hand, production of such
projects is not tangible. Therefore, the measurement
of cost and the rate of progress are too difficult in
software projects.
In this section, we have evaluated and compared
the result of the proposed method. Dataset software
projects simulation on MATLAB 2012b has made in
60 projects that has 15 EM factors. In proposed
method, appropriate value for the parameters of ICA
affects ANN training a lot. Table 1 shows the
parameters of the hybrid model.

If it is acceptable, it will be sent to the output and
otherwise by multiplying particular values of ANN
and weights, data are entered into the network
again. Steps are repeated until reaching the optimal
solution. Fig. 2 shows the pseudo code hybrid model
of ICA and ANN.
01: Enter 15 Cost Driver (EMI)
02: Initialize the weights
Set learning rate ɣ (0 < ɣ ≤ 1)
03: Do
04: For each training ANN
05: Begin
06: Initial Population (No. Countries),
07: Decided to form the initial empires.
08: Loop
09: Move the colonies toward the imperialist
10: If a colony in an empire which has lower cast than that of the
Exchange the positions of that imperialist and colony
11: Compute the total cost of all empires
12: Peak the weakest colony from the weakest empire and give it

Table 1: Parameter values
Parameters
Values

13: If an empire with no colonies then eliminate this empire
14: While (condition satisfied)
15: Compute the predicted of each node
Q

P

i =1

i =1

1 n 1, ifMRE ≤ x
× ∑
n i =1  0 , otherwise

WEM = b0 + ∑wj .g(b0 j + ∑wi, j .WEM−1) + εt
HPM=ΠEMI for i= 1 to 15
PM= a *(size) b + WPM
16: Update the weights between hidden and output layer.
WEM (new) = WEM (old) + ɣ * HEM
17: Evaluate Fitness
MRE=|Estimate – Actual| / Actual;
MMRE=∑ (MRE) / N;
18: While (not terminate condition)
19: End

No. Population

15

No. Imperials

5

Iteration

20

β

2

γ

0.5

Revolution rate

0.2

Training

80%

Testing

20%

Fig. 2: Pseudo code of proposed method

As shown in Table 1, the number of initial
countries is equal to 15 and the number of empires is
equal to 5 and the number of iterations of the

In proposed method, MMRE is considered as the
objective function. The target of fitness function in
the proposed method is to minimize the value of
MMRE compared with ANN and COCOMO models.
Hybrid model is repeated until the value of MMRE
reduced to acceptable levels. MMRE is defined
according to Eq. 5 (MacDonell S.G. and Gray A.R.,
1997).

MMRE =

1
N

algorithm is equal to 20. Parameter β makes the
colony approaching the imperialist from different

directions. Increase of γ causes increase in search
around the imperialist by decrease of γ colonies will
move as closely possible to the vector which
connects the colony to the colonizer. Training rate
and network testing are respectively equal to 80%
and 20%. Table 2 shows that 60 projects of software
projects from NASA have been evaluated and

N

∑ MRE

i

(5)

i =1
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So proposed method is for effective estimation and it
has less estimation error in comparison with
COCOMO.

compared. Also, Thousands of Source Lines of Codes
(KSLOC) projects are shown. That results of shown
that the proposed method has reduced the value of
MRE by comparison with ANN and COCOMO models.

Table 2: Comparison of MRE models on 60 projects from software projects NASA dataset
No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

KSLOC
2.2
3.5
5.5
6
9.7
7.7
11.3
8.2
6.5
8
20
10
15
10.4
13
14
19.7
32.5
31.5
12.8
15.4
20
7.5
16.3
15
11.4
21
16
25.9
24.6
29.5
19.3
32.6
35.5
38
48.5
47.5
70
66.6
66.6
50
79
90
78
100
150
100
100
190
115.8
101
161.1
284.7
227
177.9
282.1
219
423
302
370

Actual Effort
8.4
10.8
18
24
25.2
31.2
36
36
42
42
48
48
48
50
60
60
60
60
60
62
70
72
72
82
90
98.8
107
114
117.6
117.6
120
155
170
192
210
239
252
278
300
352.8
370
400
450
571.4
215
324
360
360
420
480
750
815
973
1181
1228
1368
2120
2300
2400
3240

MRE COCOMO
24.15
3.95
7.36
58.88
20.05
23.91
30.83
29.55
28.22
22.22
27.21
41.66
46.19
34.90
9.36
25.88
6.10
93.91
3.81
27.96
22.51
60.76
41.75
29.79
39.54
42.04
36.75
34.48
27.85
31.65
18.94
35.78
29.88
32.10
28.46
24.31
37.81
21.28
23.76
35.17
36.90
45.74
38.29
24.50
120.66
49.50
44.97
15.85
1.89
11.37
19.87
4.76
38.36
3.93
3.64
17.21
29.00
25.78
0.46
25.21

In Fig. 3 is shown the comparison of MRE
between the proposed method, ANN and COCOMO
models on 60 software projects from NASA dataset.
As it can be seen, the proposed method has
considerably reduced the MRE error. As shown in

MRE ANN
2.11
3.09
5.23
22.75
18.05
15.29
4.70
9.55
17.98
28.56
23.41
10.82
20.65
22.89
14.25
9.14
6.20
14.12
8.51
12.55
10.87
18.12
8.01
11.20
7.10
20.4
6.40
7.26
7.12
18.50
11.26
5.45
6.12
7.58
19.24
2.58
3.69
5.12
7.15
10.16
14.28
12.87
16.27
12.67
28.94
17.19
14.12
18.59
8.45
2.01
5.45
1.45
12.67
2.48
1.12
15.6
8.12
7.90
1.45
1.78

MRE Propose Method
1.48
1.65
1.12
2.45
5.14
2.11
0.98
1.68
4.89
10.57
7.12
4.60
2.85
8.23
4.25
6.11
8.11
2.14
1.15
0.85
4.17
5.98
2.45
17.59
5.14
5.87
6.15
1.74
1.25
12.18
14.90
2.98
1.45
1.68
2.45
4.65
0.59
0.98
2.18
3.17
5.19
10.58
12.98
11.48
9.16
10.58
5.14
9.25
2.14
1.04
2.48
0.58
5.75
3.15
0.25
7.14
2.18
2.85
1.11
0.33

Fig. 3, in most of the projects ANN-ICA models have
less percentage of MRE error in comparison with
other models. In Table 3, in order to illustrate the
excellence of proposed method in MMRE and PRED
in comparison with COCOMO and ANN are compared
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on 60 projects on NASA’s software projects dataset.
In comparison of models, PRED is equal to 15.

dataset are NASA software projects. Design and
implementation of the proposed method is on
MATLAB 2012 b. ANNs have dumb and not
analyzable structure to way that you cannot figure
out what is the network going to do in the first sight
to the neurons and their weights. But, by hybrid ICA
with ANNs the structure of ANNAs can be completely
interpretable for experts and evaluate and analyze it
more easily. Results show that the error value of
PRED (15%) for 60 projects of software projects in
COCOMO, ANN and ANN-ICA is respectively equals to
18.33%, 73.33% and 98.33%. The accuracy of PRED
in the hybrid model shows the fact that applying ICA
and hybrid it with ANNs helps us to have more
accurate estimation in software projects. We hope
this paper will help us use other meta-heuristic in
ANNs training in the future.

Fig. 3: Comparison chart of MRE in COCOMO, ANN and
proposed method
Table 3: Comparison models considering error of MMRE
and PRED
Models
MMRE
PRED (15%)
COCOMO
29.64
18.33
ANN
11.10
73.33
Proposed Method
4.78
98.33
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