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ABSTARCT

In the present paper, a new fuzzy logic approachs@dtware development time estimation is
proposed. In section 1, an introduction along withrk done by previous researchers in the relevant
field of software estimation is described. In saetR, fuzzy logic approach is presented. Section 3
addresses the parameters analysis under our presesiteration. The methodology used here is
based on empirical model studied by some previatsworthy researchers. Using the fuzzy logic
approach, results are investigated and are presémtsection 5. As a numerical illustration, the
membership function plots corresponding to table &e shown in figures 5.1-5.4. Here, the
advantages of fuzzy logic and good generalizatrenodtained. The major difference between our
proposed work and previous works is that two-si@alssian membership function in fuzzy
technigue has been used for software developmea éstimation and then it is validated with
gathered data. Finally, some significant conclusiorare drawn in section 6.
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INTRODUCTION

Challenges for software developers are predictiteg development effort for a software system
based on developer abilities, size, complexity atiebr metrics for the last decades. The ability to
give a good estimation on software developmentrisfis required by the project managers. Most
of the traditional techniques such as function f®iregression models, COCOMO, etc, require a
long-term estimation process. New paradigms as JFumgic may offer an alternative for this
challenge. Software metric and especially softwestmation is based on measuring of software
attributes which are typically related to the proiuhe process and the resources of software
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development. This kind of measuring can be usegaaameters in project management models
which provide assessments to software project n&asag managing software projects to avoid
problems such as cost overrun and behind the skthedoe of the most widely research areas of
software measurement is software effort estimat8oftware effort estimation models are divided
into two main categories: algorithmic and non-ailfponic. For more details, we refer [4], [5] &
[15].

The most popular algorithmic estimation models udel Boehm’'s COCOMO (1981), Putnam’s
SLIM (1978) and Albrecht’'s Function Point. Thesedals require as inputs, accurate estimate of
certain attributes such as line of code (LOC), cexipy and so on which are difficult to obtain
during the early stage of a software developmeofept. The algorithmic estimation models also
have difficulty in modeling the inherent compleXatenships between the contributing factors.
The algorithmic estimation models are unable tadl@nategorical data as well as lack of reasoning
capabilities Saliu et al. (2004). The limitationfsatgorithmic models led to the exploration of the
non-algorithmic techniques which are soft computing based.

These include artificial neural network, evolutiongomputation, fuzzy logic models, case-based
reasoning, and combinational models and so onfidali neural network are used in effort
estimation due to its ability to learn from prevsadata, for more details, we refer  ([6] & [A})is
also able to model complex relationships betweendépendent (effort) and independent variables
(cost drivers). In addition, it has the abilitygeneralize from the training data set thus enabting
to produce acceptable result for previously unseégia. Most of the work in the application of
neural network to effort estimation made use ofdfemward multi-layer perception, back
propagation algorithm and sigmoid function [6]. €xing good models for software estimation is
very critical for software engineering. In the retgears many software estimation models have
been developed, we refer ([2], [6], [8], [9], [1P12] & [13]).

MacDonnell et al. (1999) compared results usingction point analysis, regression techniques,
feed-forward neural network and fuzzy logic in safte effort estimation. Their results showed that
fuzzy logic model achieved good performance, bauatperformed in terms of accuracy only by
neural network model with considerably more inpatiables. Also they developed FULSOME
(Fuzzy Logic for Software Metrics) which is a séttaols that helps in creating fuzzy model. Fei
and Lui (1992) introduced the f-COCOMO model whapplied fuzzy logic to the COCOMO
model for software effort estimation. Since ther@swo comparison of the results between the f-
COCOMO and other effort estimation models in tls¢irdy, the estimation capability of the former
is unknown. Roger (1993) also proposed a fuzzy CROOnodel which adopted the fuzzy logic
method to model the uncertainty of software effinivers, but the effectiveness of the proposed
model is not mentioned. McDonnel (1999) and Idi©Q2) defined further a fuzzy set for the
linguistic values of each effort driver with a temoid-shaped membership function for the fuzzy
COCOMO model. The effort multipliers in the origit2fOCOMO model were obtained from the
fuzzy sets. This fuzzy COCOMO model was less semsito the software effort drivers as
compared to the intermediate COCOMOS8L1. In 2004, Xue Khoshgoftaar [14] presented a fuzzy
identification effort estimation modeling techniqwe deal with linguistic effort drivers, and
automatically generated the fuzzy membership fonstiand rules by using the COCOMOS81
database. The proposed fuzzy identification modelided significantly better effort estimates
than the original three COCOMO models, i.e., basiotermediate, and detailed.
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MATERIALSAND METHODS
Fuzzy L ogic Approach

Many of the problems of the existing effort estimatmodels can be solved by incorporating fuzzy
logic. Since fuzzy logic foundation by Lotfi Zadéth 1965, it has been the subject of important
investigations [15]. It is a mathematical tool fdealing with uncertainty and also it provides a
technique to deal with imprecision and informatgranularity [12]. The fuzzy logic model uses the
fuzzy logic concepts introduced by Lotfi Zadeh [1Bjuzzy reasoning consists of three main
components [8], [12], [14], [15]; fuzzification press, inference from fuzzy rules and

defuzzification process. In Fuzzification proces® objective term is transformed into a fuzzy
concept. The membership functions are applied eoatttual values of variables to determine the
confidence factor or membership function (MF). Rfieation allows the input and output to be

expressed in linguistic terms. Inference processlues defuzzification of the conditions of the

rules and propagation of the confidence factorthefconditions to the conclusion of the rules. A
number of rules will be fired and the inference iergassigned the particular outcome with the
maximum membership value from all the fired rules.

Parameters Analysis

The main parameter for the evaluation of costnegion models is the Magnitude of Relative
Error (MRE) [13] which is defined as following;
E - | ActualEffort, - PredictedEffort, |

MR
' ActualEffort, (3.1)

The MRE value is calculated for each observationseheffort is predicted. The aggregation of
MRE over multiple observations (N), can be achietredugh the Mean MRE (MMRE) as
following;

N
MMRE = %Z MRE,

i=1

(3.2)

M ethodology Used

Here, the empirical study carried out is basedhemmiethodology used by Lopez-Martin et al. They
used the sets of system development projects. €helapment time of forty-one modules and for
each module, coupling (Dhama), complexity (McCalag) lines of code metrics were registered,
all programs were written in Pascal, hence, modategories belong to procedures or functions.
The development time of each of the forty-one meslulere registered including five phases:
requirements understanding, algorithm design, apdicompiling and testing [2], [8].

RESULTSAND DISCUSSION

A subset of projects, 10 projects, is selectedtiSics and a brief description related to

each module are depicted in Table 1 which is pexply Lopez-Martin et al. [8, 14]. In Table 5.1,
modules description and metrics, MC: McCabe ConipleloC: Dhama Coupling, LOC: Lines of
Code, DT: Development Time (minutes) is given.

Implementing a fuzzy system requires that the cbfié categories of the different inputs be
resented by fuzzy sets, which in turn is presebiecthembership functions. A natural membership
function type that readily comes to mind is the suwed Gaussian membership function.
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A two-sided Gaussian membership function, defingdnimimum (a), maximum (c) and modal (b)
values, that is MF(a, b, c) where scalar paraméters, c) are defined as follows:

MF(x)=0ifx<a

MF(x)=1ifx=Db

IMF(x) =0ifx>c
Following six rules are suggested in [13]:

(i) If complexity is low and lines of code (LOC) is diten DT is low
(ii) If complexity is average and size (LOC) is medilmart DT is average
(iii) If complexity is high and size (LOC) is bigpeén DT is high

(iv) If coupling is low then DT is low

(v) If coupling is average then DT is average

(vi) If coupling is high then DT is high

The membership function plots corresponding to &bl are shown in figures 5.1-5.4. The MRE
and MMRE are calculated in view of equations (3.Bnd (3.2) respectively.
The result in our present study shows that theevaf MMRE (Mean of Magnitude of Relative
Error) applying Fuzzy Logic was substantially lonthkan MMRE applying by other fuzzy logic
models.

Table5.1: Modules description and metrics

S. No Module MC DC| LOC| DT
Description
1 Calculates 1| 0.25 4 13
Value
2 Insert a new 1| 0.25 10 13
elementin q
linked list
3 Calculates a 1| 0.33 4 9
value 3
according to
normal
distribution
equation
4 Calculates the 2| 0.08 10 15
variance 3
5 Generates root 2| 0.111| 23
range square
6 Determines Min | Max | stored 2
both and . | linked
valu list
e
7 Turns eachh value 2| 0.125 9
linked list | into its
z value

8 Copies a list of from a 2| 0.125| 14
values| fileto

an
array

9 Determine§ numbe 2| 0.167 7
parity of a r
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Figure 5.4: Development Time Plot (input)

CONCLUSION

This paper describes an enhanced fuzzy logic mimdethe estimation of software development
effort. In this paper, we have proposed a new fumgyc approach for estimating of software
projects development time. The advantages of fuegyc and good generalization have been
demonstrated well. The results explored here stolesving conclusive observations;

= The value of MMRE (Mean of Magnitude of Relativerd) applying fuzzy logic was
substantially lower than MMRE applying by other#yzogic models.

= The major difference between our work and previaasks is that two-sided Gaussian
membership function in fuzzy technique is usedsioitware development time estimation
and then it’s validated with gathered data.

= The main benefit of this model is its good intetplbdity by using the fuzzy rules.

= Another great advantage of the present researdhaisit can be put together expert
knowledge (fuzzy rules) project data into one gah&amework that may have a wide
range of applicability in software estimation.
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