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Abstract: Software effort estimation has a significant role in software
development engineering. The inaccurate estimation will increase the failure
possibilities of the project. On the contrary, accurate estimation enables the
project developers to finalise the projects within the required time and budget.
Furthermore, it is considered a big challenge to obtain the satisfactory accuracy
of project development at the beginning. To tackle this problem, soft
computing techniques such as artificial neural network (ANN) has already
demonstrated a remarkable performance in software effort estimation.
However, the optimal weights for the neural network are still considered a big
dilemma. In this paper, a cascade neural network (CNN) is optimised based on
modified particle swarm optimisation (PSO). The modified PSO can overcome
the premature convergence of PSO as well as avoid falling into local optima
effectively. The experimental results have shown the superiority of the
proposed work compared with the standard PSO significantly.

Keywords: particle swarm optimisation; PSO; cascade neural network; CNN;
Pearson correlation; standard deviation; effort estimation.
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1 Introduction

Software development is considered an essential approach for many enterprises due to the
ever-rising significance of software project management effectively (Foy et al., 2019).
The estimation factors mainly comprise cost, time, and effort required of the project
(Thota et al., 2020). However, the delay of project delivery is considered a big dilemma
due to the inaccurate estimation at the first phases of the project (Bhavsar et al., 2020).
Many enterprises have been failed due to there being unsatisfactory results for software
effort estimation (Saffar and Obeidat, 2020). Accurate estimates of resources have a
critical role at the beginning of the project (Goswami et al., 2021). There are a lot of
complicated procedures in software applications such as methodologies, methods, and
software development tools. Therefore, the development and improvement process of
software projects at the beginning is considered a major challenge. For many companies,
the main aim represents by completing the software project within a short time,
reasonable cost, and high-quality (Minku, 2019). The effort estimation that has been
performed at the early phase is not eligible to be adequate till the final phase. Therefore,
project estimates should be updated during all phases of software development to avoid
overestimation or underestimation problems (Azzeh et al., 2010). Sometimes there are
some aspects that may lead to inaccurate estimates such as the little information about
influencing factors and hazards that may arise, the stress from the customers or the
management side, and the estimation methods that depend on expert judgment.
Consequently, all the previous issues will influence delivering a project within a
particular time, budget (Agrawal and Chari, 2007), and good quality (Suri and Ranjan,
2012). Many approaches have been conducted using various effort estimation methods
like expert judgment, algorithmic method, and analogy based method, and constructive
cost model (COCOMO) is the most popular among them (Andrade et al., 2022).
However, many problems have been raised according to these methods in the scope of
software effort estimation (Dejaeger et al., 2011). Therefore, many researchers have
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investigated various techniques to improve the estimation accuracy as well as ensure the
project budget (Alsaadi and Saeedi, 2022). There are two major models for effort
estimation, algorithmic and non-algorithmic models. Non-algorithmic models are
characterised by high performance and good accuracy compared with algorithmic models
due to depending on machine learning algorithms (Mahmood et al., 2022). Non-
algorithmic models are based on the historical data and build systems based on learning
from data (Attarzadeh and Ow, 2011). However, multiple machine learning approaches
have been demonstrated significant improvement for the effort prediction (Huang et al.,
2006; Finnie et al., 1997). Where the effort estimation has been accomplished by using a
neural network (NN) and the results have shown good accuracy (Azath et al., 2018). In
the past few years, NN is incorporated with many techniques to improve the overall
performance such as genetic algorithm (GA), fuzzy system, and evolutionary models
(Boehm et al., 2000). Several approaches could be employed to train the NNs and obtain
the optimal weights which in turn enhance the performance for effort estimation such as
particle swarm optimisation (PSO) (Zhang et al., 2000), GA (Angeline et al., 1994). In
most cases, the performance of the hybrid methods is better than the performance of the
non-hybrid methods (Okumus and Dinler, 2016). NN has been optimised by PSO and GA
effectively, where the performance of PSO-NN is mostly better than GA-NN and
artificial neural network (ANN), with a minor error. Besides that, the parameter of
PSO-NN can be specified in a short time compared with the parameter of GA which is
more complex. The major challenge for enhancing PSO is how to improve the
convergence speed toward the optimal solution, increase the population diversity to speed
up reaching the global solution effectively, and avoid being stuck into local optima
(Nagra et al., 2019). Nowadays, many studies have been performed to enhance the
accuracy of effort estimation but still many techniques have not been applied yet.
Therefore, the main contributions of this study can be summarised as follows:

1 Overcoming premature convergence which is considered a big dilemma for most
optimisation algorithms using modified PSO.

2 The proposed method comprises the information according to the worst and best
particles which in turn improves the exploitation and exploration process within the
search space.

3 The effort estimation process has been performed using a cascade neural network
(CNN) which is optimised by modified PSO.

4 In this study, eight public datasets have been performed for software effort
estimation, and the results have demonstrated a significant improvement in the
performance convergence of PSO.

The manuscript has been arranged in the following sections: Section 2 has demonstrated
related work, and then CNN has been presented in Section 3. Section 4 was a brief
overview of PSO followed by the methodology in Section 5. Also, several evaluation
criteria have been described in Section 6. Finally, experimental results have been shown
in Section 7 with the conclusion and future works in Section 8 and Section 9,
respectively.
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Table 1 Table of abbreviations

Abbreviations Definitions
PSO Particle swarm optimisation
MPSO Modified particle swarm optimisation
CNN Cascade neural network
COCOMO Constructive cost model
ANN Artificial neural network
GA Genetic algorithm

The square of the multiple correlation coefficients
RMSSE Root mean square error
MAPE Mean absolute percentage error
MLP Multilayer perceptron
GRNN General regression neural network
RBFNN Radial basis function neural network
CCNN Cascade correlation neural network
ANFIS Adaptive neuro fuzzy inference system
SVR Support vector regression
MBRE Mean balanced relative error
MIBRE Mean inverted balanced relative error
SA Standardised accuracy
FLANN Functional link artificial neural network
WOA Whale optimisation algorithm
DEP Dilation-erosion perceptron
MGA Modified genetic algorithm
PCA Principal component analysis
MRLHD Morphological-rank-linear hybrid design
CMPSO Chaotically modified particle swarm optimisation
WCO Whale crow optimisation
SBO Satin bower-bird optimisation
FA Firefly algorithm
SS Scatter search
IFCM Intuitionistic fuzzy c-means
AIS Artificial immune system

2 Related work

Many studies have been conducted to improve the performance of effort estimation at the
beginning. Soft computing approaches have been utilised widely in the scope of effort
estimation such as a NN, fuzzy logic, random forest, regression analysis, and Bayesian
network. Here, some of the best-related work is given as follows: Hammad and
Algaddoumi (2018) have introduced four machine learning methods to predict the effort
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at the beginning phases; where the authors have employed ANN, support vector
machines s (SVM), Kstar, and linear regression (LR). Shukla and Kumar (2019) have
applied Pearson correlation on the dataset to discover the best variables and then have
applied machine learning algorithms: LR, SVM, K-nearest neighbour (knn), and
multi-layer perceptron neural network (MLPNN). The results have exhibited that the
performance of MLPNN is the best one compared with the others algorithm. Shukla et al.
(2019) have implemented different NN techniques’ where MLPNN, Ridge-MLPNN,
Lasso-MLPNN, Bagging-MLPNN, and AdaBoost-MLPNN models have been
implemented. Goyal and Bhatia (2019) have used a nonlinear technique to predicate the
effort using MLPNN. The authors have compared the nonlinear technique with the LR
technique. The results have shown that the LR technique is worse than the nonlinear
technique. Tariq et al. (2020) have described many techniques related to data
preprocessing that may improve effort estimation, where the features selection technique
has been used via the ReliefF algorithm as well as regression and M5P model tree have
been applied. Shah et al. (2020) have used the analogy-based estimation model with
artificial bee colony (BABE) to improve effort prediction. The function of an artificial
bee colony (ABC) is to build the different weights that will be employed in the training
phase of analogy-based estimation (ABE). Fadhil et al. (2020) have used a hybrid dolphin
and bat algorithm (DolBat) to effectively improve cost estimation. Kumar et al. (2008)
have presented a wavelet neural network (WNN) for effort estimation. The authors have
exploited the Morlet function and Gaussian function as activation functions of WNN.
Functional link artificial neural network (FLANN) with three types (Chebyshev-FLANN,
Legendre-FLANN, and power series-FLANN) has proposed by Rao et al. (2009).
Satapathy et al. (2016) have utilised the use case point (UCP) using random forest (RF) to
obtain the best accuracy. The outcomes have demonstrated that the proposed work has
minor errors compared with other techniques. Nassif et al. (2019) have introduced three
fuzzy logic approaches for effort estimation. The results have shown that Sugeno with the
linear output has outperformed the other models. Yadav and Singh (2014) have predicted
the effort estimation using ANN with one hidden layer that is optimised by a GA.
Standish Group has accomplished a statistical analysis during the last few years about the
proportion of success and failure of projects. In 2015, it published a new report related to
the period 2011-2015 with a new group of characteristics to measure the project success
depending on the data from more than 10.000 software projects. The results in Table 2
show that in 2015, 29% of software projects have completed on-time, on-budget, and
on-scope, besides that 19% of software projects have been stopped before completion,
and 52% of projects have taken more budget, scope, or time (Avlija§, 2020). The latest
report from Standish Group was CHAOS 2020, which describes three essential factors
(good sponsor, good team, and good place) that will affect the success of software
projects. These are the only factors we should improve, which in turn will improve the
project performance. Modern measurement in 2020 was 31% of successful software
projects, 19% of failed software projects, and 50% of challenging software projects.

Table 2 Standish Group report 2015

2011 2012 2013 2014 2015
Successful 29% 27% 31% 28% 29%
Challenged 49% 56% 50% 55% 52%

Failed 22% 17% 19% 17% 19%
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Table 3 Comparative analysis of effort estimation using ANN

Author Methodology Evaluation criteria

de Barcelos Tronto ANN MMRE

et al. (2008)

Kumar et al. (2008) Wavelet neural network MMRE, PRED (25), and MAMRE

Kaur et al. (2010) ANN MMRE, and RMSSE

Nassif et al. (2012) Cascade correlation neural MMER and PRED

network

Hota et al. (2015) Tuned artificial neural network MAE, MAPE, MSE and RMSE

Rijwani and Jain Multi-layer feed forward neural MSE, and MMRE

(2016) network

Azzeh et al. (2018) MLP, RBFNN, GRNN and SA, effect size, MAE, MBRE,
CCNN, ANFIS, and SVR MIBRE

Kaushik et al. (2022) FLANN-WOA and RBFN-WOA  MMRE, MdMRE, and PRED (25)

3 Cascade neural network

ANN is inspired by the human brain, which contains many nodes connected with links
that interact with each other. However, the structure of ANN comprises three main
layers; the input layer, the hidden layer, and the output layer. Data is treated through the
network from the input layer with few calculation operations till the output layer. The
output of the neuron is called an activation value. The main kinds of NN design are
cascade feed-forward and feed-forward. In a feed-forward network, the error passes from
the output layer to the input layer, whereas the other operations are calculated from the
input to output layer (Mellit and Pavan, 2010). Both the cascade forward network and the
feed-forward network utilise the backpropagation algorithm, but the difference between
them is the connection of neurons in every layer. All neurons of a layer are
interconnected in the cascade forward network. Both cascade network and feed-forward
backpropagation network perform the Backpropagation algorithm to calculate the new
weights (Goyal and Goyal, 2011; Badde et al., 2013). Cascade forward network can be
referred to as Figure 1. In the cascade network, there is a weight connection from the
input layer into all layers and from every layer into the consecutive layers. The extra
connections may improve the learning capability. The most common transfer function
used is tan-sigmoid/log-sigmoid for the hidden layers, whereas a pure linear procedure is
used for the output layer (Dhanaseely et al., 2012). Figure 2 represents the illustration of
the feed-forward network, and Figure 3 represents the illustration of the cascade forward
network.

Mathematical equations of the structure in Figure 2 can be described as follows in
equations (1) and (2) (Warsito et al., 2018):

yi:fh[w?+2w?i*xiJ e
Py
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h

where x; represents the input of the NN, wi represents the weights between the input

and the hidden layers, w}’ represents the bias applied on the hidden layers, y; represents

the output of neuron i after applying the activation function.
k
Output =f°“‘[w" +Zw}’ *yj] (2
i1

where w¢ represents the weights between the hidden and the output layers, wP represents

the bias applied on the output layers, the output represents the output of the entire NN
after applying the activation function. Also, the mathematical equation of the structure in
Figure 3 can be described as follows in equation (3) (Warsito et al., 2018):

i=1

n k
Output=Zfi”*M"*xi+f°“t[w"+2w}’*ij 3)

j=1

where fi represents the activation function of the connection between the input and
output layer, wi" represents the weights between the input and the output layer. The

parameters of CNN can be described as in Table 4.

Figure 1 Cascade forward network (see online version for colours)
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T I Iia
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Figure 2 Architecture of feed forward network (see online version for colours)
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Figure 3 Architecture of cascade forward network (see online version for colours)
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Table 4 Parameters of CNN

Layers Value

Input layers Features selected from each dataset separately
Hidden layers Seven neurons in the hidden layer
Output layers Effort predicted

The CNN is considered in this work because of its many advantages. It does not require a
predefined structure and is self-organising, thereby growing from the training data
dynamically. Further, since each neuron gets trained independently, it learns faster than
most other NN architectures. It is also representative of the nonlinear relationship
existing between the input and output data (Warsito et al., 2018).

4 Particle swarm optimisation

PSO was presented in 1995 by Dr James Kennedy and Dr Eberhart. PSO depends on
swarm intelligence which can find the optimal solution to many optimisation problems.
PSO imitate bird flocking and fish schooling behaviour. PSO considered as a local search
and global search algorithm. Therefore, each particle will select its position based on its
own experience; besides that, all particles experience (Yadav, 2019). PSO is considered
an evolutionary stochastic optimisation technique that has been implemented successfully
in many applications (Lodhi et al., 2018). Many studies have conducted using PSO to
optimise the effort estimation process. Lin and Tzeng (2010), Sheta et al. (2010), and
Hari and Reddy (2011) have used PSO to optimise the COCOMO model. PSO is a type
of swarm intelligence that seeks to find the optimal solution through search space by
sharing the best searching experiments between particles. Each particle in the swarm is
considered a potential solution. In the beginning, the solutions (particles) generated
randomly. The solutions have been updated according to the equation of velocity (4) and
position (5) at each cycle (Qiu et al., 2018).

Vaew (i, 1) = W V(i, j)+c1# 11 (Poeg, ) —X(, J)) + €2 #12 % (Gresrg) — XG0, ) (4)
Xnew (1, J) = X(i, j) + Vew (i J) (5

where v represents the particle’s velocity. x represents the particle’s position. w
represents inertial weight. c1, c2 represent the acceleration coefficients. r1, r2 represent a
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random number between [0 1]. Pyes represents the best individual experiment for each
particle in the swarm. Gyes represents the best experiment for the entire particles in the
swarm.

Steps of PSO-CNN

Firstly, the weights and biases will be initialised. Then, PSO will be applied to get the
optimal weights and biases for the CNN. Steps 1 into 4) will repeat until the termination
criteria are satisfied. Two metrics for termination criteria have been used: when the
maximum iteration is met or mean squared error (MSE < 0.0001).

Step 1 Initialisation process of the PSO parameters (X, V, Ppest, and Goest).

Step 2 Calculate the particle’s position and particle’s velocity as in equations (4), and
(5), respectively.

Step 3 Calculate the fitness function (MSE) for each particle through a CNN.

Step4 Update Pyt according to the own particle experience and Gyt according to the
experiences of all particles.

Step 5 Use Gpest (optimal weights and biases) for effort estimation using a CNN.
The flowchart of PSO-CNN can be described as in Figure 4.

Algorithm 1: Pseudo code for PSO-CNN

FOR each particle
Initialize x, v, Pbest

END FOR

FOR all swarm
Initialize Gbest

END FOR

Initialize w, c1, ¢2

WHILE Max-Iteration OR MSE < 0.0001
FOR each particle

Find v according to equation /4/
Find x according to equation /5/

END FOR

FOR each particle
Find the fitness function for all the particles
IF the current fitness value is better than previous one

Set the current value as the new Pbest

END IF

END FOR

Find Gbest

END WHILE
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Figure 4 Flowchart of PSO-CNN (see online version for colours)
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5 Methodology

Firstly, normalising the dataset has been done that will help to improve the learning
process, then features selection for the best subset out of all the features. Moreover, the
proposed work has been implemented for eight public datasets.

5.1 Normalisation

The normalisation is applied on the raw data to rearrange the values in a particular range
that will help to accelerate the learning process. The data will be scaled between two
values; upper and lower values. As the following equation (6):

Koo = (b—a)*(ﬂjw ©)

max —min
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where x; represents the non-normalised data value. min, max describe the minimum and
the maximum value of each feature, respectively. a, b represents the lower and upper
bound of scaled data, respectively (Singh and Singh, 2020).

5.2 Feature selection

It is implemented based on selecting the most essential sub-features out of all features.
Pearson correlation has been used for selecting the most relevant features. The range of
Pearson correlation between [—1 1], where —1, 1 represent the strong negative correlation
and the strong positive correlation, respectively, and 0 means no linear correlation. The
used correlation coefficient of the two values x and y can be considered as follows in
equation (7) (Rangkuti et al., 2018):

() (X))
() () (X ()]

5.3 Modified PSO (MPSO)

)

Xy =

Many complicated engineering problems have been implemented by standard PSO.
However, there is a shortcoming in the performance of PSO such as premature
convergence, poor accuracy, falling into local optima (Wu and Wang, 2022). Also, many
studies have been performed to enhance the performance of PSO by adding extra
parameters of the velocity equation (Lazzus et al., 2020; Hacibeyoglu and Ibrahim,
2018). Lazzus et al. (2020) have added a new behaviour into the swarm by adding the
fourth parameter represents the difference between the current particle and the randomly
selected particle in the swarm that will improve the search capability and avoids the
falling into local optima. (Hacibeyoglu and Ibrahim, 2018), have presented modified PSO
by adding multi-swarm optimisation (MSO), especially for nonlinear continuous
optimisation problems, to overcome the problems with high dimensionality in a short
time. They have presented a new behaviour for particles in the swarm by adding the mean
of the best individual experience of all particles of that swarm and the best solution of all
swarms. That will improve the local search and add new information to each particle. In
the proposed work, the extra parameter is added into the velocity equation, which is
based on the local and global search strategies due to utilising the worst and best
experiences of particles in the swarm. That will lead to overcoming premature
convergence and reaching the global optimal solution within search space effectively
compared with the standard PSO. The modified PSO also avoids falling into local
optima. Hence, this work uses the modified PSO for a better and more accurate
performance instead of other variants. The modified equation of velocity can be
described as follows (8):

View (19.]) =W* V(i, .]) + Cl * I'l * (Pbest(i,j) - X(la.]))
+ c2*r2*(Gbest(l,j)—x(i,j))+c3 ®)
N (mean (Gbest(l,j) ) - x(i,))
S(Pworst(i.j) ) -S (Pbest(i,j) )
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(mean (Gbest(l,j) ) — X(l,_])
S(Puorsti) ) =S (Poestciyy )
represents the difference between the mean of values of the global best particle (optimal
weights and biases) in the swarm and particle position; and the denominator represents
the difference between the standard deviation of the worst experiment and the standard

deviation of the best experiment of every particle. The parameters of modified PSO can
be described as in Table 5.

Table 5 Parameters of MPSO

the numerator

where c3 represent the acceleration coefficients.

Parameter Value
Position bounds [-1.5, 1.5]
Velocity bounds [-1.5,1.5]
Population 40
Iteration 800
Cl 0.35
C2 0.75
C3 0.005
w 0.5

Algorithm 2: Pseudo Code for MPSO-CNN

FOR each particle do
Initialize x, v, Pbest, Pworst

END FOR

FOR all swarm
Initialize Gbest

END FOR

Initialize w, c1, ¢2, ¢3

WHILE Max-Iteration OR MSE < 0.0001
FOR each particle

Find v according to equation /8/

Find x according to equation /5/
END FOR
FOR each particle
Find the fitness function for all the particles
IF the current fitness value is better than previous one
Set the current value as the new Pbest
END IF
IF the current fitness value is worse than previous one
Set the current value as the new Pworst
END IF
END FOR
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Find Gbest
END WHILE

6 Evaluation criteria

Several assessment criteria were used to assess the performance of the proposed method
for eight public datasets. Moreover, based on rigorous literature analysis, mean
magnitude of relative error (MMRE) and PRED (25) evaluation criteria were selected for
the comparative analysis among existing works (IR et al., 2022). These are the most
commonly used measures as found in the literature. Other performance evaluation criteria
such as MSE is not selected because of the inability for an end measure for comparison
among different prediction models. Although, MSE can be used during the training
process for driving the prediction model (Rhmann, 2021).

6.1 The magnitude of relative error

The magnitude of relative error (MRE) represents the difference between the actual effort
and the predicted effort. MRE can be described in equation (9) as follows:
Actual Effort; -Predicted Effort;

MRE;= ©))
Actual Effort;

6.2 Mean magnitude of relative error

MMRE represents the average of MRE. MMRE can be described in equation (10) as
follows:

MMRE :l*ZMREi (10)

n5

6.3 PRED

PRED represents the average proportion of estimates that is within ' % of the actual
values. PRED can be described in equation (11) as follows:

W
v 1l = ifMRE; = ——
PRED(W) = 1204 1 100 (11)
n

n=1 |0 = Otherwise

6.4 Median of magnitude of relative error (MdMRE)

MdAMRE represents the median of Magnitude of Relative Error values. MAMRE can be
described in equation (12) as follows:

MdJMRE = median (MRE;, MRE,, ..., MRE, ) (12)
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The following evaluation criteria will use to evaluate the performance of MPSO-CNN.
Five statistical measures were used for the performance evaluation (Al Asheeri and
Hammad, 2019).

6.5 Mean absolute error

Mean absolute error (MAE) represents the average of the absolute value of the difference
between the actual effort and the predicted effort. MAE can be described in equation (13)
as follows:

MAE = L Z (Predicted Effort; — Actual Effort; ) (13)
n

i=1

6.6 Root mean squared error

Root mean squared error (RMSE) represents the square root of the average of the
difference square between the actual effort and the predicted effort. RMSE can be
described in equation (14) as follows:

D" (Predicted Effort; — Actual Effort; )’
RMSE = n=l (14)

n

6.7 Relative absolute error

Relative absolute error (RAE) represents the sum of the absolute value of the difference
between the actual effort and the predicted effort divided into the sum of the absolute
value of the difference between the actual effort and the mean of the actual effort values.
RAE can be described in equation (15) as follows:

Zfl_l (Predicted Effort; — Actual Effort; )

RAE = (15)

Z .n:l Actual Effort; — mean(Actual Effort;)

6.8 Root relative squared error (RRSE)

Root relative squared error (RRSE) represents the square root of the sum of the difference
square between the actual effort and the predicted effort divided into the sum of the
difference square between the actual effort and the mean of the actual effort values.
RRSE can be described in equation (16) as follows:

Zl (Predicted Effort; — Actual Effort; )?
RRSE =

~ (16)
24 (Actual Effort; — mean(Actual Effort; )?)
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6.9 Mean squared error

MSE represents the average of the difference square between the actual effort and the
predicted effort. MSE can be described in equation (17) as follows:

MSE = (17)

Zn (Predicted Effort; — Actual Effort;)?
i=1 n

7 Experimental results

Evaluation results for eight datasets will be shown in this section, several measures of the
performance evaluation have been used: MMRE, MAMRE, MAE, RMSE, RAE, RRSE,
MSE, PRED (25), and PRED (100). The results have been done using CNN optimised
based on modified particle swarm optimisation (MPSO-CNN). The values have been
averaged over ten iterations, to account for deviations. The comparison has been
implemented according to different studies for each dataset separately, as obtained from
existing literature.

7.1 Desharnais dataset

Desharnais dataset contains 81 projects described by 11 attributes, nine independent and
two dependents (Araujo et al., 2012a). The evaluation results for the Desharnais dataset
as follows in Table 6. Table 7 represents the comparison with other models for the
Desharnais dataset, where MMRE only has been considered for WCO + linear regression
and WCO + Kerenel Regression as MMRE is the most suitable metric for these methods.
The results have shown that proposed MPSO-CNN has outperformed the other models.

Table 6 Evaluation results of the Desharnais dataset using MPSO-CNN

Iteration ~ MMRE  MdMRE  MAE  RMSE  RAE RRSE MSE  PRED (25)

200 0.0554 0.0422  0.0703 0.0976 0.5199 0.5201 0.0095 98.7654
400 0.0521 0.0410  0.0655 0.0897 0.4844 0.4776 0.0080 100
800 0.0519 0.0415  0.0646 0.0876 0.4780 0.4669 0.0077 100
Table 7 Comparison with other models for the Desharnais dataset
Model MMRE PRED (25)
Proposed MPSO-CNN 0.0519 100
DEP(MGA) (Araujo et al., 2012a) 0.0829 90.00
ANN-PSO-PCA-GA (Bisi and Goyal, 2016) 0.2589 88.89
MRLHD (Araujo et al., 2012b) 0.0981 90.00
DEP-CMPSO (Bilgaiyan et al., 2018) 0.0811 90.27
WCO + linear regression (Rhmann, 2021) 0.0733 -

WCO + Kernel Regression (Rhmann, 2021) 0.1468 -
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7.2 Albrecht dataset

Albrecht dataset contains 24 projects classified into three groups, where eighteen projects
are written in COBOL language, four are written in PL1 language, and two are written in
DMS language. Besides, it includes five independent attributes: Inpcount, Outcount,
Quecount, Filcount, and SLOC (Oliveira et al., 2010). The evaluation results for the
Albrecht dataset as follows in Table 8. Table 9 represents the comparison with other
models for the Albrecht dataset. The results using an MPSO-CNN have been
outperformed the other models.

Table 8 Evaluation results of the Albrecht dataset using MPSO-CNN

Iteration MMRE MdJIMRE  MAE  RMSE RAE RRSE MSE  PRED (25)

200 0.0279  0.0213  0.0320 0.0420 0.1777 0.1581 0.0018 100
400 0.0274  0.0202  0.0311 0.0381 0.1725 0.1435 0.0015 100
800 0.0267  0.0262  0.0304 0.0380 0.1687 0.1429 0.0014 100

Table 9 Comparison with other models for the Albrecht dataset

Model MMRE PRED (25)
Proposed MPSO-CNN 0.0267 100
ANN-PSO-PCA-GA (Bisi and Goyal, 2016) 0.3061 79.17
ANFIS-SBO (Moosavi and Bardsiri, 2017) 0.235 62.5
MRLHD (Aratjo et al., 2012b) 0.3810 75.00
DEP(MGA) (Aratijo et al., 2012a) 0.3512 75.00
DEP-CMPSO (Bilgaiyan et al., 2018) 0.3211 78.00

7.3 Nasa93 dataset

Nasa93 dataset was gathered by NASA from five development positions followed to it.
The whole dataset contains 93 projects for the period between 1971 and 1987 described
with 24 features. The evaluation results for Nasa93 dataset as follows in Table 10.
Table 11 represents the comparison with other models for the Nasa93 dataset. The results
using an MPSO-CNN have been outperformed the other models.

Table 10  Evaluation results of the Nasa93 dataset using MPSO-CNN

Iteration MMRE MdMRE  MAE  RMSE RAE RRSE MSE  PRED (25)

200 0.0453  0.0355 0.0515 0.0817 0.6604 0.5930 0.0067 98.9247
400 0.0404  0.0274  0.0464 0.0778 0.5949 0.5647 0.0060 98.9247
800 0.0398  0.0250  0.0455 0.0744 0.5838 0.5402 0.0055 100

7.4 Nasa60 dataset

Nasa60 dataset contains the information for 60 projects described with 17 features. The
evaluation results for Nasa60 dataset as follows in Table 12. Table 13 represents the
comparison with other models for the Nasa60 dataset, where the value of PRED (25) has
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been assigned approximately for hybrid model (AIS-GA). The results using an MPSO-
CNN have been outperformed the other models.

Table 11  Comparison with other models for the Nasa93 dataset

Model MMRE PRED (25)
Proposed MPSO-CNN 0.0398 100
Dolphin Bat algorithm (Fadhil et al., 2020) 0.5027 25.806
Optimal FA (Resmi et al., 2019) 0.0562 88.25
Hybrid Model (GA -FA) (Maleki et al., 2014b) 0.2253 88.17
Hybrid Model (SS-GA) (Maleki et al., 2014a) 0.2385 87.09
FA-FLANN-IFCM (Kaushik et al., 2016b) 0.17 95
FA-RBFN-IFCM (Kaushik et al., 2016b) 0.14 90

Table 12 Evaluation results of the Nasa60 dataset using MPSO-CNN

Iteration MMRE MdJdMRE  MAE  RMSE RAE RRSE MSE  PRED (25)

200 0.0344  0.0215 0.0414 0.0663 0.3182 0.3288  0.0044 100
400 0.0329  0.0183  0.0399 0.0629 0.3065 0.3122 0.0040 100
800 0.0248  0.0141  0.0300 0.0455 0.2302 0.2258 0.0021 100

Table 13  Comparison with other models for the Nasa60 dataset

Model MMRE PRED (25)
Proposed MPSO-CNN 0.0248 100
Dolphin bat algorithm (Fadhil et al., 2020) 0.1457 66.66
Optimal FA (Resmi et al., 2019) 0.0781 85.5
Hybrid model (AIS-GA) (Gharehchopogh et al., 2014) 0.1204 95
Hybrid model (SS-GA) (Maleki et al., 2014a) 0.0756 91.66

7.5 Kemerer dataset

Kemerer dataset contains 15 projects and seven features, where six features are
independent: Language, Hardware, Duration, KSLOC, AdjFP, RAWFP, and one
dependent feature that will be predicted called Effort. The evaluation results for the
Kemerer dataset as follows in Table 14. Table 15 represents the comparison with other
models for the Kemerer dataset. The results using an MPSO-CNN have been
outperformed the other models.

Table 14  Evaluation results of the Kemerer dataset using MPSO-CNN

Iteration  MMRE MdAdMRE  MAE  RMSE RAE RRSE MSE  PRED (25)
200 0.0287  0.0230  0.0318 0.0425 0.2247 0.1815 0.0018 100
400 0.0231 0.0141  0.0264 0.0387 0.1861 0.1652 0.0015 100
800 0.0212  0.0103  0.0241 0.0375 0.1702 0.1598 0.0014 100
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Table 15  Comparison with other models for the Kemerer dataset

Model MMRE PRED (25)
Proposed MPSO-CNN 0.0212 100
ANFIS-SBO (Moosavi and Bardsiri, 2017) 0.268 60
MRLHD (Araujo et al., 2012b) 0.2779 73.33
DEP(MGA) (Aratjo et al., 2012a) 0.2578 73.33
DEP-CMPSO (Bilgaiyan et al., 2018) 0.2389 75.00

7.6  Cocomo81 dataset

Cocomo81 dataset includes 81 projects that have 17 features and 63 instances. The
evaluation results for Cocomo81 dataset as follows in Table 16. Table 17 represents the
comparison with other models for the Cocomo81 dataset, where MMRE only has been
mentioned in the last two model. The results using an MPSO-CNN have been
outperformed the other models.

Table 16  Evaluation results of the Cocomo81 dataset using MPSO-CNN

Iteration MMRE MdAdMRE  MAE  RMSE RAE RRSE MSE  PRED (25)

200 0.0429  0.0340  0.0490 0.0791 0.6259 0.4989 0.0063 100
400 0.0371  0.0304 0.0429 0.0730 0.5481 0.4601 0.0053 100
800 0.0353  0.0287  0.0407 0.0656 0.5195 0.4139 0.0043 100

Table 17  Comparison with other models for the Cocomo81 dataset

Model MMRE PRED (25)
Proposed MPSO-CNN 0.0353 100
Optimal FA (Resmi et al., 2019) 0.156 81
FA-FLANN-IFCM (Kaushik et al., 2016b) 0.17 90
FA-RBFN-IFCM (Kaushik et al., 2016b) 0.22 87
WCO + linear regression (Rhmann, 2021) 0.2416 -
WCO + Kernel Regression (Rhmann, 2021) 0.2435 -

7.7  Maxwell dataset

Maxwell dataset contains 62 instances and 27 features. The evaluation results for the
Maxwell dataset as follows in Table 18. Table 19 represents the comparison with other
models for the Maxwell dataset. The results using an MPSO-CNN have been
outperformed the other models.

Table 18  Evaluation results of the Maxwell dataset using MPSO-CNN

Iteration MMRE MdAMRE  MAE  RMSE  RAE RRSE MSE  PRED (25)
200 0.0406  0.0322  0.0475 0.0691 0.4827 0.4188 0.0048 100
400 0.0405  0.0299  0.0473 0.0685 0.4800 0.4150 0.0047 100
800 0.0410  0.0331  0.0477 0.0655 0.4847 0.3970 0.0043 100
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Table 19  Comparison with other models for the Maxwell dataset

Model MMRE  PRED (25)
Proposed MPSO-CNN 0.0410 100
FA-FLANN-IFCM (Kaushik et al., 2016b) 0.16 89
FA-RBFN-IFCM (Kaushik et al., 2016b) 0.14 91
IFCM-FLANN (with Chebyshev polynomials) (Kaushik et al., 2016a) 0.28 69
IFCM-FLANN (with Legendre polynomials) (Kaushik et al., 2016a) 0.33 82
IFCM-FLANN (with Power Series polynomials) (Kaushik et al., 0.36 68
2016a)

IFCM-FLANN (with Boubaker polynomials) (Kaushik et al., 2016a) 0.31 80
IFCM-FLANN (with Fibnocci polynomials) (Kaushik et al., 2016a) 0.33 83

7.8 China dataset

China dataset contains 499 instances and 19 features. The evaluation results for the China
dataset as follows in Table 20. Table 21 represents the comparison with other models for
the China dataset. The results using an MPSO-CNN have been outperformed the other
models.

Table 20  Evaluation results of the China dataset using MPSO-CNN

Iteration MMRE MdJdMRE  MAE  RMSE RAE RRSE MSE  PRED (25)

200 0.0061 0.0026  0.0073 0.0182 0.1084 0.1533  0.0003 100
400 0.0054  0.0024  0.0066 0.0176 0.0968 0.1483  0.0003 100
800 0.0054  0.0023  0.0065 0.0175 0.0956 0.1473  0.0003 100

Table 21  Comparison with other models for the China dataset

Model MMRE  PRED (25)
Proposed MPSO-CNN 0.0054 100
FA-FLANN-IFCM (Kaushik et al., 2016b) 0.22 91
FA-RBFN-IFCM (Kaushik et al., 2016b) 0.15 90
IFCM-FLANN (with Chebyshev polynomials) (Kaushik et al., 2016a) 0.32 74
IFCM-FLANN (with Legendre polynomials) (Kaushik et al., 2016a) 0.34 75
IFCM-FLANN (with Power Series polynomials) (Kaushik et al., 0.32 72
2016a)

IFCM-FLANN (with Boubaker polynomials) (Kaushik et al., 2016a) 0.27 72
IFCM-FLANN (with Fibnocci polynomials) (Kaushik et al., 2016a) 0.30 72

The following part represents the comparison between the predicted effort and the actual
effort for eight datasets: Figure 5 represents the performance of the Desharnais dataset
using PSO-CNN, and Figure 6 represent the performance of the Desharnais dataset using
MPSO-CNN. Figure 7 represents the performance of the Albrecht dataset using
PSO-CNN, and Figure 8 represents the performance of the Albrecht dataset using
MPSO-CNN. Figure 9 represents the performance of the Nasa93 dataset using PSO-CNN
and Figure 10 represent the performance of the Nasa93 dataset using MPSO-CNN.
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Figure 5 Desharnais dataset using PSO-CNN (see online version for colours)
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Figure 7 Albrecht dataset using PSO-CNN (see online version for colours)
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Figure 8 Albrecht dataset using MPSO-CNN (see online version for colours)

Performance

201

18 +

16 A

14 1

12 1

10 A

—— Predicted
— Artual

Figure 9 Nasa93 dataset using PSO-CNN (see online version for colours)
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Figure 10 Nasa93 dataset using MPSO-CNN (see online version for colours)
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Figure 11 Nasa60 dataset using PSO-CNN (see online version for colours)
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Figure 12 Nasa60 dataset using MPSO-CNN (see online version for colours)
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Figure 13 Kemerer dataset using PSO-CNN (see online version for colours)
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Figure 11 represents the performance of the Nasa60 dataset using PSO-CNN, and
Figure 12 represents the performance of the Nasa60 dataset using MPSO-CNN. Figure 13
represents the performance of the Kemerer dataset using PSO-CNN, and Figure 14
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represents the performance of the Kemerer dataset using MPSO-CNN. Figure 15
represents the performance of the Cocomo81 dataset using PSO-CNN, and Figure 16
represents the performance of the Cocomo81 dataset using MPSO-CNN.

Figure 14 Kemerer dataset using MPSO-CNN (see online version for colours)

Performance

210 1 —— Predicted
— Actual

18 4

16 1

14 4

124

101

Figure 15 Cocomo81 dataset using PSO-CNN (see online version for colours)
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Figure 16 Cocomo81 dataset using MPSO-CNN (see online version for colours)
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Figure 17 Maxwell dataset using PSO-CNN (see online version for colours)
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Figure 18 Maxwell dataset using MPSO-CNN (see online version for colours)
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Figure 19 China dataset using PSO-CNN (see online version for colours)

Performance

261 — Predicted

24 { = Actual
224
201
181
16 1
14+

121

104

o 100 200 300 400 500

Figure 17 represents the Maxwell dataset’s performance using PSO-CNN, and Figure 18
represents the performance of the Maxwell dataset using MPSO-CNN. Figure 19
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represents the performance of the China dataset using PSO-CNN, and Figure 20
represents the performance of the China dataset using MPSO-CNN.

Figure 20 China dataset using MPSO-CNN (see online version for colours)
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Figure 21 represents the scattered values of MMRE regarding (200, 400, 800) iterations
obtained from eight datasets. Figure 22 shows the comparison of MRE values according
to eight datasets using the box plots. The China dataset has the lowest median compared
with other datasets. Figure 23 shows the convergence process for eight datasets using
modified PSO. Three datasets: China, Kemerer, and Albrecht, are converged in a minor
number of iterations compared with other datasets.

Figure 21 Scattered values of MMRE obtained from eight datasets (see online version
for colours)
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Figure 22 Box plot on MRE results obtained from eight datasets (see online version for colours)
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Figure 23 Fitness function (MSE) using MPSO-CNN (see online version for colours)
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8 Conclusions

Effort estimation has an important function for project development at early stages.
Accurate effort estimation is considered an essential factor for successful companies.
Therefore, many types of research have been conducted to improve the effort estimation
process, although many techniques have not been used yet. So, in this paper, a cascade
forward network has been trained using a modified PSO, which will improve the
convergence rate of PSO that is considered the biggest weakness of PSO. Many
techniques have been presented to get better convergence of PSO, so here we added a
new parameter into the velocity equation of particle that will improve the convergence
rate of PSO. We have implemented this methodology on eight datasets, where the
normalisation process of the dataset has been done. Also, feature selection has been used
to select the best subset of features using Pearson correlation. Several evaluation criteria
have been used to evaluate the performance. The convergence rate for three datasets:
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China, Kemerer, and Albrecht are converged in a small number of iterations compared
with other datasets. In Figure 6, Figure 8, Figure 10, Figure 12, Figure 14, Figure 16,
Figure 18, and Figure 20 show a comparison between the predicted effort and the actual
effort for eight datasets using modified PSO which has outperformed the standard PSO.
The results for all datasets used have outperformed on the previous studies, where the
China dataset has the least error of (MMRE =0.0054) compared with other datasets.

9 Future works

We can use other datasets to predict the effort with the data pre-processing required to
make the best accuracy as much as possible. Also, we can apply other algorithms such as
krill herd (KH) (Moharram and Sundaram, 2022), arithmetic optimisation algorithm
(AOA) (Mahajan et al., 2022), and prairie dog optimisation (PDO) (Ezugwu et al., 2022)
which will improve the accuracy of effort estimation. Moreover, we can merge more than
one optimisation algorithm to get more accurate results.
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