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Abstract: For any effective project management, estimation 

stands as a key piece of project methodology. It plays a noteworthy 

part in project management to execute the orders required. The 

assessed parameter helps in sharing the resources requisite to 

finish the project deliverables effectively. The significant 

parameters that control the software projects are time, 

prerequisites, individuals, infrastructure/materials and cash, and 

dangers. This is one cause why making great appraisals of these 

elements like time and also resources required for a project stands 

exceptionally basic. The assessed parameter helps in sharing the 

resources requisite to finish the project deliverables effectively. 

The significant parameters that control the software projects are 

time, prerequisites, individuals, infrastructure/materials and 

cash, and dangers. This is one cause why making great appraisals 

of these elements like time and also resources required for a 

project stands exceptionally basic. If the estimation is lesser 

compared to required then the with the progress of project it lacks 

the cash & time as well. If  over estimated then the chances of 

wastage of resources. Therefore it is required to estimate correctly 

to avoid problem in future.  

 

Index Terms— Differential Evolution (DE), Pareto-Based 

Differential Evolution (PBDE), MMRE, COCOMO,MRE 

 

I. INTRODUCTION 

Development of Software involves a few factors that have 

an important influence on productivity. Effort estimation 

considered as  important part in software development phase. 

The correct progress of development is dependent on the 

correct estimation. The different techniques are used to 

estimate the development of software. It is most important to 

in today’s highly competitive world the correctness of 

estimation.  

II. LITRETURE SURVEY 

Shailendra and Anoj proposed another meta-heuristic 

algorithm centered upon Differential Evolution (DE) by 

Homeostasis mutation administrator. Pareto-Based 

Differential Evolution (PBDE) was one of the adaptations of 

DE. Although that algorithm’s performance was great, its 

convergence rate can be additionally enhanced by limiting the 

time complexity of non dominated sorting, and by improving 

the solutions diversity. That had been executed by utilizing 

effective non dominated algorithm whose time intricacy was 

superior to previous one and another mutation scheme was 
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implemented in DE which can give greater diversity among 

solutions. The proposed variation increased the Homeostasis 

value with one more vector, termed the Homeostasis mutation 

vector. The suggested approach gave all the more 

encouraging answers for direct the evolution and helped DE 

flee from the circumstance of stagnation. The outcome 

checked that our proposed Homeostasis mutation system 

performed superior to other best in class algorithms. 

Taeho Lee et. Al proposed a software cost estimation 

modeling method and led an experiential study in the Korean 

defense domain. The proposed software cost estimation 

modeling method, recognized as MND-SCEMP was 

appropriate aimed at the Korean defense domain. The 

recommended modeling process incorporated the extraction 

of cost factors in the Korean defense domain by domain 

analysis, developed a software cost estimation model to be 

utilized in the Korean defense domain, confirmed the model, 

and modified the model. To approve the proposed modeling 

process, they played out an experiential study of 113 software 

development projects on weapon frameworks in Korea. A 

software cost estimation model was created by implementing 

the suggested modeling process. The MMRE value of that 

model was 0.566 while the accuracy was proper for utilizing. 

They reasoned that the modeling procedure and software cost 

estimation model created in that review was appropriate for 

evaluating resource necessities amid weapon system 

development in South Korea's national defense domain. That 

modeling procedure and model encouraged more exact 

resource estimation by project planners, which prompt more 

fruitful project execution. 

Jovan Popovic et. al [7] recognized the task types that were 

most correlated to the UCP size. The authors have created and 

cross-compared prediction models for estimating task-type 

efforts by means of UCP size using an Online analytical 

processing model and R packages on a set of 32 real-world 

projects, with the goal of facilitating analysis of the 

correlation between project sizes and effort required to 

complete task types. Requirements, scoping, functional 

specification, and functional testing task types have up to two 

times better estimation accuracies than project effort. 

Implementation had slightly better accuracy than the project 

effort, while the other task types were not correlated to the 

UCP size. Using estimates of the most correlated task types 

and other techniques, such as expert judgment for others, they 

improved the overall project effort prediction accuracy and 

decreased the error from 26 to 16%. 

 

 

 

 

 

Software Estimation Using Deep Learning 

Mr. Manohar K. Kodmelwar, Shashank D. Joshi, V. Khanna
 

 
 



 

Software Estimation Using Deep Learning 

566 Retrieval Number: F61150486S19\19©BEIESP 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

H. Azath and R.S.D. Wahidabanu [4] proposed a 

method for effectively estimating the software effort using 

Function Points. That study was a basis for the improvement 

of software effort estimation research through a series of 

quality attributes along with constructive cost model 

(COCOMO). The classification of software system for which 

the effort estimation was to be calculated based on COCOMO 

classes. For that quality assurance ISO 9126 quality factors 

were used and for the weighing factors the function point 

metric was used as an estimation approach. Effort was 

estimated for MS word 2007 using the following models: 

Albrecht and Gaffney model, Kemerer model, SMPEEM 

model (Software Maintenance Project Effort Estimation 

Model and FP Matson, Barnett and Mellichamp model. The 

advantage of the proposed effort estimation system was to 

handle correctly the imprecision and the uncertainty when 

describing the software project. From the implementation 

results, they observed that the proposed method was 

effectively estimated the effort of the software project models. 

P. Morrow [2] examined the trade-off between the 

utility of outputs from simplified functional sizing 

approaches, and the effort required by those sizing 

approaches, through a pilot study. The goal of that pilot study 

was to evaluate the quality of sizing output provided by 

NESMA’s simplified size estimation methods, adapt their 

general principles to enhance their accuracy and extent of 

relevance, and empirically validate such an adapted approach 

using commercial software projects. The performances of 

those adaptations were evaluated against the NESMA 

approaches in three ways: (1) effort to perform; (2) the 

accuracy of the total function counts produced; and (3) the 

accuracy of the profiles of the function counts for each of the 

base functional component types. The adapted approach 

outperformed the Indicative NESMA in terms of sizing 

accuracy and generally performed as well as the Estimated 

NESMA across both datasets, and required only 

approximately 50 % of the effort incurred by the Estimated 

NESMA. 

Karel Dejaeger et. al tended to the concern of univocal 

conclusion by giving an account of the aftereffects of an 

expansive scale benchmarking study. Distinctive kinds of 

systems were under consideration, counting strategies 

instigating tree/rule-based models like M5 and also CART, 

linear models, for example, different sorts of linear 

regression, nonlinear models (MARS, multilayered 

perceptron neural networks, radial basis function networks, 

least squares) together with the estimation methods that don't 

expressly incite a model (for instance, a case-based reasoning 

approach). Moreover, the part of feature subset choice by 

utilizing a generic backward input selection wrapper was 

explored. The outcomes were subjected to rigorous statistical 

testing as well demonstrated that conventional least squares 

regression in the mix with a logarithmic transformation 

performed best. Another key finding was that by choosing a 

subset of exceedingly prescient characteristics, for instance, 

project size, development, and environment-related qualities, 

commonly a critical increment in estimation precision can be 

acquired. 

III. PROPOSED METHOD 

Effort estimation is considered as the important to both the 

developer as well as customer point of view. The management 

also takes the consideration about the estimation for 

approving the budget and time for completion. The estimation 

should be the careful consideration for the development. In 

the proposed system neural network is used by applying the 

weights in each layer. The optimization technique is used to 

better classification of outcome. The output of deep learning 

depends on the previous layer of the network structure . The 

deep NN classifier consist of different sort of layers like 

convolution, pooling as well as fully connected layer. In 

convolution the multiple layer contains the weight matrices 

called as filters. These filters are also called kernels. They 

slide across the input features. In every convolutional layer, 

initially, the outcome of preceding layers is convolved with 

multiple learned weight matrices termed filter masks or 

learned kernels. Then, the outcome is processed through a 

‘non-linear operation’ to make the layer output. A kernel 

stands as the matrix to be convolved with the inputs features 

and also stride regulates how much the filter convolve over 

the input features. This layer carries out the convolution on 

the input data with the kernel utilizing the layers. The 

fig.1.shows the diagrammatic representation of the steps 

involved in hybrid particle swarm optimization. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig-1 Diagrammatic representation of the steps involved in 

hybrid particle swarm optimization. 

 

 Dataset Description: 

The dataset utilized as input to the proposed system 

is the COCOMO dataset. This is a publically available 

repository dataset. This dataset is made openly available to 

inspire the refutable, repeatable, verifiable, and also 

enhanceable predictive designs of software engineering. The 

dataset COCOMO was frequently used for validating various 

effort estimation methods. It 

includes 60 software 

projects that are described 
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by 17 attributes in conjunction with an actual effort [11]. The 

actual effort in the COCOMO dataset is measured by 

person-month which represents the number of months that 

one person needs to develop a given project. Despite the fact 

that the COCOMO dataset are now over 25 years old, it is still 

commonly used to assess the accuracy of new techniques [12]. 

The COCOMO software cost design gauges effort on 152 

hours (comprises development as well as management hours). 

COCOMO presumes that the effort develops over linearly in 

software size. 

Effort Multipliers: 

The seventeen Post-Architecture effort multipliers 

(EM) are used in the COCOMO model to adjust the nominal 

effort, Person-Months, to reflect the software product under 

development. Each multiplicative cost driver is defined below 

by a set of rating levels and a corresponding set of effort 

multipliers [13]. The Nominal level always has an effort 

multiplier of 1.00, which does not change the estimated effort. 

 

Off-nominal ratings generally do change the estimated 

effort. For example, a high rating of Required Software 

Reliability (RELY) will add 10% to the estimated effort, as 

determined by the COCOMO II.2000 data calibration. A 

Very High RELY rating will add 26%. It is possible to assign 

intermediate rating levels and corresponding effort 

multipliers for your project. The size and cost driver ratings 

can be different for each module, with the exception of the 

Required Development Schedule (SCED) cost driver and the 

scale factors. The COCOMO II model can be used to estimate 

effort and schedule for the whole project or for a project that 

consists of multiple modules [14]. The effort multiplier terms 

are show in a table 3.1 

 

 
 

Table 3.1 Effort multiplier terms 

IV. EXPERIMENTAL RESULT 

The proposed system is implemented by using the data set’s 

values as the input values. The input dataset con-tains various 

attributes. The proposed system is accessed via determining 

the performance parameters. It was deter-mined for the 

existing and the proposed one. A clear evaluation was 

performed to analyze the existing with the proposed system. A 

total of 50 instances were taken for evaluation. The results 

were performed after the addition of every ten instances. 

  Existing Proposed 

Instance

s Parameter system system 

    

10 RE 0.4153 0.4029 

 MRE 0.8306 0.1611 

 MMRE 2.4178 1.2460 

 MARE 3.2238 1.6613 

 PRED 4.0297 2.0767 

20 RE 0.4168 0.4032 

 MRE 0.8336 0.1613 

 MMRE 1.2097 0.6252 

 MARE 1.6130 0.8336 

 PRED 2.0162 1.0421 

30 RE 0.4116 0.4022 

 MRE 0.8233 0.1609 

 MMRE 0.8045 0.4116 

 MARE 1.0727 0.5489 

 PRED 1.3409 0.6861 

40 RE 0.3877 0.3454 

 MRE 0.6908 0.1550 

 MMRE 0.5816 0.2590 

 MARE 0.7754 0.3454 

 PRED 0.9693 0.4317 

50 RE 0.4836 0.4143 

 MRE 0.9673 0.1657 

 MMRE 0.4972 0.2902 

 MARE 0.6629 0.3869 

 PRED 0.8286 0.4836 

 

For MMRE is determined for the NN as well as the 

pro-posed Deep MNN. MMRE stands as a common gauge of 

the ‘average estimation accuracy.’ It is a de facto assessment 

criterion to evaluate the software project’s accuracy in 

prediction models. The values are obtained form different 

evaluation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

V. CONCLUSION 
 
Software development effort estimation can be performed 

in an effective method by using the proposed algorithm. 

The effort estimation aimed at software development is not 

anymore a monotonous task with the implementation of the 

proposed system.  
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This system enables professionals and industrialists to 

select the most profitable jobs in respect of the effort 

involved in it. In the given paper, the performance 

parameters for different instances were evaluated and 

studied. The experimental outcome illustrates that the 

proposed work outweighs the existing works in all features. 

This lets to the conclusion that the Deep Learning MNN 

has better competence than the existing systems. 

VI. FUTURE WORK 

The direction of the future research is also to study 

factors, other than the software size and team experience, such 

as the team size, software complexity measures and software 

development methodology which may have impacts on the 

effort estimation of software works. We are motivated to 

continue this research by applying the proposed model using 

real-live data of software projects with different scales.  

In the future other algorithms, such as Bagging and 

Ensemble algorithms can be implemented for predicting 

effort in projects. Results would be observed against each in 

order to identify better performance keeping in view the 

accuracy and prediction estimates. 

 In future work, the effort estimated by expert judgment 

method has to be considered to optimize the final effort 

estimation. Initial value of the optimization is the effort 

estimated by expert judgment. 

Further future work is intended to overcome the 

instability issues, a more generic prediction model that is not 

highly affected by the size and the type of data set, and 

preferably an enhancement to the optimization algorithm 

itself. Moreover, it would be important to work towards a 

modified hybrid approach that encompasses the best 

characteristics of different prediction schemes. 

In future, we will use feature subset selection technique 

to focus on important attributes that affects the effort and 

extends the work in such a way so that it can work for any 

dataset. 
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