
Abstract

In software engineering, the most critical task is 
to estimate the effort involved in the project due 
to inevitable activities involved in the software 
development process. The various factors such as 
change of requirements, intrinsic software complexity, 
lack of software data etc. are responsible to expect very 
accurate effort estimation in the software development 
process. Many estimation models are used to prove 
accuracy but none of them have able to prove that 
it has accuracy in all cases of software applications. 
The paper focuses on the estimation of the software 
development process having reusable components.
The proposed model is based on dynamic neural 
network technique using back propagation algorithm 
which provides better accuracy for effort estimation. 
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1.  Introduction

A reusable code is basically a segment of source code 
that can be used again to add new functionalities with no 
or slight modifications. In object oriented programming, 
the use of reusable classes and modules reduces the 
implementation time because prior testing and use has 
eliminated bugs and localizes code modifications when 
a change in implementation is required. Reusability is 
often a required characteristic of platform software. When 
reusability is not required, various software developments 
aspects need not to be considered. A solution to a problem 
is based on predefined solutions to sub-problems; it 

is an act of synthesizing and called Reuse. There are 
six major steps performed at each phase in preparation 
for the next phase in the reuse activity. Reusability 
is the degree to which a component can be reused and 
reduces the software development cost by enabling less 
coding and more integration. The reusability of assets is 
different in different contexts. However, there are some 
characteristics that generally contribute to the reusability 
of assets. Although many of these characteristics apply 
to assets in general, we focus in this section, we focus on 
components as assets. At a higher level, we distinguish 
two aspects of reusability i.e. usability and usefulness.

Reusability = Usability + Usefulness

Usability is the degree to which an asset is ‘easy’ to use in 
the sense of the amount of effort that is needed to use an 
asset. Usability as such is independent of functionality of 
the component. Usefulness is the ‘frequency’ of suitability 
for use i.e. usefulness depends on the functionality, 
the generality and quality of a component. Selby in 
his research reported that developers were successful 
in achieving 32% reusability index from existing 
systems that are being reused at NASA laboratory. The 
experimental study conducted by Selby  has identified 
two categories of factors for successful reuse-based 
software development in the large scale systems- module 
design factors and module implementation factors. The 
module design factors that characterise module reuse 
without revision were: low coupling and high cohesion, 
few input-output parameters, few reads and writes, and 
many comments. The main objective of software reuse is 
to minimise  repetition of  work, development time, cost 
and efforts, and increase reliability of the systems. It also 
improves the reusability and portability of the system. 
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The reusability reduces the cost and maximizing profit 
which is considered to be an appraisal for employees of an 
organisation as suggested by Sandhu et al. (2006, 2009). 
In these studies it is clear that effort estimation being used 
on reusability is the answer for the drawbacks which the 
current estimation techniques are having.

2.  Proposed Estimation Technique

The proposed estimation technique is having four phases – 
Preprocessing, Training, Estimation, and Analysis. In the 
first phase, the project data is analysed and a reusability 
matrix is derived from the project data. The software 
project is assumed to be divided into modules and the 
reusability of each module is analyzed using fuzzy rules 
to derive the reusability matrix. In the second phase, the 
training of the proposed neural network is done using the 
back propagation algorithm. The dynamic neural network 
is used in this proposed technique. The trained neural 
network could be used for estimation the effort involved. 
The results obtained in this phase could be analyzed for 
various purposes like analysis of finance, utilisation of 
resources, delivery timeline assertion and many more 
critical analyses. A project is said to be composed of  
modules. Modules could be either reusable or could be 
considered as new modules (mn). The each module of a 
project is analyzed at an implementation stage and for 
characterisation a threshold  is defined using a judgment 
model to identify the reusable component present in the 
module. On characterisation, the modules are further 
classified into 3 categories as

 ∑ Completely reusable A module is considered to be 
completely reusable if it is used completely without 
any change in the code or design and is represented 
as 

 ∑ Reusable with fractional adaptation

A module is considered as a reusable model with partial 
adaption if at the implementation level the changes to be 
incorporated are less than the threshold  and is represented 
as mfr

 ∑ Reusable with prominent  adaptation

If the changes to be incorporated are greater than the 
threshold  then the module is considered as a reusable 
module with prominent adaption represented by. Let  
represent the changes to be incorporated into a module 
for its use in the project for which estimation is to be 

achieved. Applying the fuzzy rules the modules could be 
characterized as follows
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Consider R to represent the reusable matrix. The effort 
involved to develop the modules earlier is represented as 
. Let us consider that there exist  number of  modules and 
their development efforts considered be defined as. Then 
the reusability matrix obtained based on fuzzy logic could 
be represented as
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To estimate the effort involved, the proposed model 
uses neural networks. The static neural networks are not 
used for the proposed technique because they possess 
adaptive and learning capabilities for only static in-out 
relationships. In order to effectively adapt and learn 
the dynamic input-output of the non-linear matrices, a 
dynamic neural network is used here. 

The dynamic Neural Network Adopted in this model is as 
shown as:

Figure  1:  DNN Model

 

The training of the dynamic neural network is done using 
the reusable matrix obtained in the preprocessing phase. 
The multilayer perceptron model is used for creating a 
neural network, as this would be the appropriate network 
structure which would help in realising the problem. In a 
multilayer network there will be one input layer, atleast 
one hidden layer and one output layer. Back propagation 
is used as the training methodology i.e., the learning 
rule. It is a supervised learning algorithm. It is a learning 
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methodology through which the network trains itself 
through multiple iterations over the test data. It does so 
by reducing an error function. The network eventually 
converges towards accurate values as it is trained with 
more and more training data. The activation function 
used here is the sigmoid/bipolar sigmoid function. The 
activation function is an abstraction of the action potential. 
It represents whether the cell should fire or not. The output 
of the dynamic neural network r (k) with respect to the 
input p (k) is given by

p(k + 1) = – (m – 1) p(k) + wtp (k) + d 
r (k) = s( p(k))

where s represents the sigmoid/bipolar sigmoid activation 
function and (m – 1) is the feedback where m is the 
learning rate constant. In the testing phase, the dynamic 
neural network provides the effort estimation phase wise 
as well as for the entire project. 

3.  Experimentation and Results

For evaluation two types of datasets are used:
i. Historical Projects Dataset

ii. Commercial Projects Dataset

Figure 2:  Experimental Evaluation Process
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The experimental evaluation process considered is shown 
as a flowchart in Figure  2.

Figure  3:  Training Graph of Training Dataset

Figure 4:  MRE Performance of Projects (Test Data) 
for Various Models
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Figure 5:  Training of Real Project Dataset
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The dataset of NASA  is used for the comparison of 
different models and experiments have been conducted 
to explore strength of the developed DNN based model.

Figure 6:  Comparison of Actual Effort and 
Network Effort

 

P3 P7 P11 P15 P19 P23 P27 P31 P35
Actual_Effort 19.2 14.7 14.4 13.6 14.8 15.6 15.6 14.8 15.3
N/W Effort 15.5 15.2615.3815.24 14.4 16.2 15.28 15 15.68

0

5

10

15

20

25

E
ff

or
t (

Pe
rs

on
-D

ay
s 

Actual_Effort vs Network_Effort 

Figure 7:  Testing Deviation Result of the Real 
Projects

 

Project 1 Project 2 Project 3 Project 4
Avg.

Deviation 17.19 2.8 0.39 0.97
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4.  Conclusion

Careful analysis of the results obtained using proposed 
dynamic neural network based model provides the 
information that the proposed estimation has a deviation 
of about 8% over the traditional method that has been 
chosen. This deviation is not much considering the fact 
that the effort estimated by the traditional method has 
also not being found to be accurate when applied to 
real time projects. The model has been evaluated on the 

historic dataset of different kinds of SEL projects. The 
development languages for these projects also varied from 
project to project. The reusability level of the projects 
varied from about 0% to a high of 96%. 

The efficiency of the proposed model can be judged 
where the average estimation error for the historic dataset 
of SEL projects is coming about as low as 1.25%.Further 
the proposed model has been applied on real time data 
from four projects that have been specified above and 
interpretation of the results obtained and mentioned 
in the graph indicate that the estimated effort has been 
found to be always on the higher side of actual effort. The 
deviation found here is found to be on the positive side. 
When the results were analyzed with the real time data the 
proposed model has been found to be more accurate as the 
deviation varies from 0.3 % to 17%.  

The DNN model trained using experimental data was 
found to have good generalisation capabilities and is able 
to successfully predict the effort closely matching the 
actual effort. 

Future Scope

The future scope for the proposed model is based in the 
direction that the model developed needs to be applied to 
large number of test cases i.e., real time projects as the 
proposed model has a unique feature of learning through 
usage. The model converges towards more accurate values 
as it used over time. The model developed can be evolved 
even further in the view that more number of parameters 
which have a minor effect on the effort estimation be also 
considered for effort estimation and the model can be 
evolved.
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