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Abstract  

 

Estimating s oftware de velopment e ffort ha s be en t he focus o f i ntensive r esearch 

investigations i n t he f ield o f so ftware e ngineering, esp ecially so ftware project 

management. As a result, various cost estimation models have been proposed. However, 

most of  t he c ost e stimation m odels t hat ha ve be en pr oposed do not pr operly h andle 

imprecision and uncertainty that is inherent in software project effort estimation. In this 

thesis, w e pr opose a  ne uro-fuzzy a pproach t hat ha s t he po tential to i mprove s oftware 

development effort estimation by applying fuzzy logic and neural networks in the process 

of ef fort est imation. T his ap proach has b een ap plied f or t he u se case  based e stimation 

model, w hich i s us ed in t he pr ocess of  obj ect-oriented s oftware d evelopment p roject.  

The a pplicability of  t he a pproach ha s be en t ested us ing a n e xperiment w ith f ifteen 

historical software project data. The result of the experiment shows that the neuro-fuzzy 

approach p rovides a reasonably b etter accu racy i n so ftware d evelopment ef fort 

estimation.   

 
Keywords: software project planning, effort estimation, use case based effort estimation, 

software development 
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1. Introduction 
 

From t he s tart of  t he s oftware e ra in t he 1950 s unt il today, s oftware de velopment ha s 

become increasingly more complex and expensive, particularly if it includes many people 

working over a  re latively long time. A la rge software project may involve hundreds o f 

people an d span o ver y ears. A  p roject o f t his dimension can  eas ily turn i nto ch aos i f 

proper management controls are not in place. Traditionally, computer professionals have 

attached little importance to management and more to technical skills. As a result, major 

software disasters were encountered leading to unexpected loss of investment, personnel 

and e ven c ompany c losures due  t o bankruptcy [3]. These f ailures made t he developers 

realize t he i mportance o f management in software development. T herefore, s oftware 

project m anagement i s taken a s o ne o f t he m ajor activities i n software d evelopment 

process. 

  

Software pr oject m anagement i nvolves pr oject pl anning, monitoring a nd c ontrol. 

Planning is the most important activity without which, no r eal monitoring or controlling 

is possible. The basic activity in software project plan is estimating effort, schedule, and 

other resource ex penditures.  T he p rocess o f such est imation i s r eferred t o as software 

cost estimation [13]. The bulk of the cost of software development is due to the human 

effort, and most cost estimation methods focus on this aspect and give estimates in terms 

of person-months. 

 

Reasonable software cost estimates are critical to both developers and customers. These 

estimates c an b e used f or ge nerating request f or pr oposals, contract ne gotiations, 

scheduling, monitoring and c ontrol [ 5, 24] . U nderestimating t he costs m ay r esult i n 

management a pproving pr oposed s ystems t hat t hen e xceed t heir budge ts, w ith 

underdeveloped f unctions a nd po or qua lity, a nd f ailure t o c omplete on t ime. 

Overestimating m ay re sult in  to o many re sources c ommitted to  the p roject, o r d uring 

contract bidding, result in not winning the contract, which can lead to loss of jobs. 
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Although software cost estimation is so important, it is difficult to undertake. There are 

factors accountable for this [4]: 

 A great number of factors (cost drivers) have an influence on the effort and time 

to develop software. These cost drivers are difficult to determine in operation 

 The software industry is usually developing new products.  I n other industries, it 

is more usual to produce the same product over and over 

 Estimates a re m ade i n a h urry. Often est imates a re n eeded ear ly i n t he 

development p rocess, c ausing est imators t o w rite an  est imate t oo qu ickly f or a  

system they do not fully understand. 

 There i s a  lack of  da ta on c ompleted s oftware pr ojects, which c ould s upport 

project management in making estimates 

 

Faced with the fact that software cost estimation is difficult, how should we approach this 

challenge?  That question has no simple answer. Since the software era until about 1970, 

software cost estimation was performed manually; using simple rules of thumb or local 

estimating algorithms developed using trial and error methods.  Since the late 1960s there 

has be en a  c ontinuous de velopment of  e stimation m odels a nd t ools t o s upport t he 

estimation p rocess. These models c an be  gr ouped i nto t wo c ategories [3]:Algorithmic 

models, and Non-algorithmic models. 

 

Algorithmic models pr ovide one  or m ore a lgorithms w hich pr oduce a  s oftware c ost 

estimate as a function of a number of variables considered to be the main cost drivers [3]. 

Estimation models su ch as C OCOMO, F unction P oint, and U se ca se b ased ar e al l 

examples of algorithmic model. There are three main drawbacks to these models [11,12]. 
First, they rely h eavily on est imates o f q uantities su ch a s size (KLOC) at  early st age 

where much is unknown about the project. Second, current models use linear regression 

techniques t o co rrelate cost d rivers, w hich, in  f act, a re n ot lin ear re lationships a t a ll. 

Third, the historical project data used to develop these models are usually limited in size, 

and represent dissimilar projects 
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Non- algorithmic models i nclude e stimation by a nalogy, e xpert j udgment, parkinson, 

price-to-win, bot tom-up, a nd t op-down a pproaches [ 3]. E ach of  t hese a pproaches ha s 

their ow n a dvantages and di sadvantages bu t non-algorithmic models a re g enerally 

subjective and are not repeatable. 

 

In g eneral, whilst m ost p ractitioners re cognize t he i mportance of accurate and r eliable 

predictions of development effort, current estimation techniques are often inaccurate and 

unreliable.   

 

1.1. Statement of the Problem 
 

Software co st es timation h as b een subject t o r esearch f or more t han 3 0 y ears, b ut t he 

problem has not  ye t been fully addressed. To overcome the problem, many researchers 

have r ecently be gun t o t urn t heir a ttention t o a  ne w a pproach of  e stimating s oftware 

development effort known as soft computing. Soft computing is a collection of techniques 

that aim at exploring the tolerance for imprecision and uncertainty to achieve tractability, 

robustness, a nd low s olution cost. Its p rincipal c onstituents are f uzzy l ogic, 

neurocomputing, and probabilistic reasoning [14]. These methods have been applied t o 

many real-world problems. In many cases, good results have been achieved by combining 

different soft computing methods. 

 

The r ationale be hind t he vi sibility a nd i mportance of  s oft computing approach i s t hat 

there a re m any r eal w orld p roblems, w hich d o not  lend themselves t o s olution by  t he 

techniques of hard computing because the information needed is not available and/or the 

systems u nder co nsideration ar e not su fficiently w ell d efined. T hese p roblems ar e 

common in such areas as economic planning, living systems, large-scale societal systems, 

and hum an de cision-making. T he trouble w ith software de velopment e ffort e stimation 

can a lso b e categorized into s uch p roblems. T herefore, s oft computing a pproach c ould 

have a potential to solve this problem. This potential however is not explored in previous 

works. T herefore, t he main pur pose of  t his pa per i s to e xplore t he pot ential of  s oft 

computing techniques for estimating software development effort. 
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1.2. Overview of the Thesis 
 

The remainder of this thesis is organized as follows: 

 

Chapter 2  presents related works.  I t contains a b rief discussion of four research works 

that are related to soft computing in software cost estimation.  

 

Chapter 3 presents the approach used in this work. It starts with a brief introduction on 

the pr oblem of  s oftware c ost e stimation. S ection 3.1 c ontains de scription of  us e c ase 

based estimation model and section 3.2 di scusses how fuzzy logic is applied to use case 

based e stimation m odel. T he ne ural ne twork a pproach f or us e c ase b ased e stimation 

model is presented in section 3.3 and f inally section 3.4 d escribes the datasets used for 

experiment.  

 

Chapter 4  d escribes the p rocess an d r esult o f experiment. T he f uzzy logic an d n eural 

network e xperiments a re pr esented i n s ection 4.1 a nd 4.2  respectively. I n c hapter 5, 

discussion o f t he ex periment r esults ar e p resented. T he r esults o f t he experiments ar e 

evaluated f rom di fferent pe rspectives. T he be nefits a nd l imitations of  t he ne uro-fuzzy 

approach are also described in this chapter. 

 

Chapter 6 describes some of the implementation of the neuro-fuzzy approach. It presents 

the architecture, class diagram and interface of the tool developed at the prototype level. 

Finally, chapter 7 presents some concluding remarks and possible future works.  
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2. Related Works 
 

Several research works which are more or less related to this work have been carried out 

in the last few years [5, 6, 7, 10, 11, 12, 13, and 25]. Until the mid 1990s, the main focus 

of software cost estimation research was on algorithmic models.  The lack of consistent 

results cau sed r esearchers t o l ook at al ternative t echniques, su ch as so ft co mputing. In 

this section, some research works dealing with soft computing approach for software cost 

estimation are reviewed. 

 

2.1 Works on Fuzzy Logic Approach 
 

Idri e t a l [ 10] ha ve pr oduced a  pa per e ntitled “ Investigating S oft C omputing i n C ase-

based Reasoning for software Cost Estimation”. The main purpose of their work was to 

improve the Fuzzy Analogy approach, which was proposed by their previous work [12], 

in order to handle the uncertainty in its development effort estimate. They discussed two 

sources of  unc ertainty i n t he f uzzy a nalogy a pproach. T he f irst s ource is f rom 

measurement e rrors when evaluating the i nput variable for the approach. To avoid this 

uncertainty, they used the membership degrees in the evaluation of the similarity between 

projects. T he seco nd so urce o f t he u ncertainty i s r elated t o t he accu racy o f t he f inal 

output. T o handle t his one , t hey adopted t he i dea of  ot her a uthors t hat says co st 

estimation models must be able to generate a set of values with a probability distribution 

for the estimated cost. To check for the possibility, they have conducted an experiment 

using C OCOMO’81 da ta s et. B ased on t heir e xperiment t hey ha ve c oncluded t hat t he 

deterministic ( their p revious ap proach) is n ot u seful in so ftware co st estimation. 

Consequently, they have chosen the non-deterministic approach to handle the uncertainty 

in the fuzzy analogy approach. The non-deterministic approach uses possibility rules and 

a method cal led max-based a ggregation t o generate the c ost pos sibility distribution for 

new pr oject. B y us ing fuzzy l ogic and t he pos sibility t heory i n i ts e stimation pr ocess, 

their a pproach f ulfills two c riteria of s oft c omputing, i. e., the t olerance o f i mprecision 

when describing software project, and the uncertainty when estimating the development 

cost.  
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The same authors have carried out another research on applying fuzzy logic to COCOMO 

cost m odel [11]. T heir purpose w as t o i nvestigate the is sue o f th e c ompatibility o f 

COCOMO with fuzzy logic. They have used fuzzy sets rather than classical intervals to 

represent the linguistic values (‘very low’, ‘low’, etc) in the COCOMO’s cost drivers set.  

For each  c ost d river and i ts as sociated l inguistic va lues, t hey ha ve de fined t he 

corresponding fuzzy set. They have a lso evaluated their work by c omparing it with the 

original in termediate COCOMO. T heir r esult im plies th at the f uzzy in termediate 

COCOMO tolerates imprecision in its inputs (cost drivers) and consequently it generates 

more gradual output (cost). According to them, the fuzzy COCOMO is less sensitive to 

the changes in the inputs, contrary to the original intermediate COCOMO. Finally, they 

have concluded that the accuracy of COCOMO model is certainly affected by fuzzy logic 

approach. 

 

Both of the above works are similar with the current one as regards fuzzy logic. Learning 

ability, which is one important criterion of soft computing concept, is not incorporated in 

their a pproaches. T heir approaches are h ighly depend on kilo lines o f c ode, w hich i s 

difficult to estimate at the early stage of software development process.  

 

2. 2 A work on Neural Network Approach 
 

Boetticher [ 5], c onducted a n assessment of  metric c ontribution in the c onstruction of  

neural ne twork ba sed e ffort e stimator. T his w ork de scribes t he pr ocess of  bui lding a  

neural network based model for measuring software effort. It demonstrates a process for 

extracting a s et o f s oftware m etrics from a p rogram, asso ciating t he metrics w ith a  

program e ffort t o construct a  ne ural ne twork model. U sing da ta f rom a  c ompany of  

petrochemical-industry software, over 33, 000 e xperiments were conducted varying test 

suites, n eural ne twork architectures a nd i nput parameters. The i nputs for t he various 

network models were program units corresponding to a program written in Delphi. Each 

unit may contain object, variable, type and content definitions along with programming 

logic i n the f orm of  functions or  pr ocedures. I n n eural ne twork t erminology, each 
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program is considered to be a vector. For each vector, nine input measures were collected 

reflecting a program size, vocabulary, number of objects, and complexity. The output is 

effort i n hour s, ne eded t o c reate the uni t. I n hi s ne ural ne twork a rchitectures, t he 

maximum number of hidden layers was limited to 3 and the numbers of hidden nodes per 

hidden l ayers w ere twice t he i nputs. I n o rder t o bui ld a nd t rain ne ural n etwork, a n 

automated ne ural ne twork pr ogram was us ed. T he pr ogram us es a n a lgorithm c alled 

quickprop, which is a variant of back-propagation learning algorithm. This approach was 

cross v alidated w ith d ata co llected from d ifferent p rojects of d ifferent companies. T he 

validation results produce estimates within 30% of the actual 73.26% of the time. Based 

on the result, Boetticher has concluded that neural network model has reasonably good 

predictive q ualities. I n general, t his w ork ha s described the ne ural n etwork a pproach, 

which i s on e of  t he m ethods of  s oft c omputing. I ncorporating ot her m ethods m ight 

provide m ore a ccurate models. T his r esearch f ocused onl y on pr oduct metrics, i n t he 

formulation of  e ffort e stimation. I t doe sn’t c onsider ot her c ost dr ivers l ike pe rsonnel 

factors. 
 

2.3 A work on Neuro-genetic Approach 
 

Shukla [25] has also done a  work on neuro-genetic prediction of software development 

effort. His work presents a genetically trained neural network (NN) predictor trained on 

historical data. He has used a multi-layered feed forward NN with 39 input neurons, each 

neuron corresponding to one of Bohem’s[3] features, hidden layers of neurons to develop 

the desired mapping and 1 out put corresponding to the predicted effort in person-months. 

He has also applied genetic algorithm to the feed-forward NN and his model was named 

as GANN( Genetic A lgorithm N eural N etwork). In  h is w ork, C OCOMO d ata s et 

comprising 63 projects and Kemrer dataset consisting of 15 projects were merged to form 

a si ngle d ata set  o f 7 8 p rojects. T he m erged d ata se t w as u sed t o v alidate t he n euro-

genetic approach. He has conducted several simulation experiments to obtain the relative 

performance of  hi s a pproach w ith r ecursive pa rtition r egression a nd b ack pr opagation 

trained NN which were reported in previous works. The result of his work shows that the 

neuro-genetic approach is s ignificantly better prediction of  software development effort 
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than the others. However, the inputs to his model were s till subjective. As a  result, the 

reported result may not be the same for other projects.  
 

None of the above works have used the two concepts of soft computing, i.e., fuzzy logic 

and ne ural network t ogether i n their a pproaches. T his w ork a ttempts t o e xplore t he 

potential of soft computing by c ombining the two concepts. Besides combining the two 

concepts, this approach is quite different from all previous works in that, it uses use case 

based e stimation m odel a s a  b asis for i ncorporating the s oft c omputing c oncept.  The 

details of our approach are discussed in the next chapter. 
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3. Effort Estimation using Neuro-fuzzy Techniques 
 

Software de velopment i nvolves a nu mber of  i nterrelated f actors, w hich a ffect 

development e ffort a nd pr oductivity. S ince m any of  t hese relationships are n ot w ell 

understood, reasonable estimation of software development time and effort is a difficult 

problem. M ost e stimation models i n us e or  pr oposed i n t he l iterature a re ba sed on 

regression t echniques. This t hesis e xamines t he pot ential of  t wo s oft c omputing 

approaches i.e. fuzzy logic and artificial neural networks for creating development effort 

estimation models. 
 

As mentioned i n C hapter 1, s oft c omputing a pproaches ha ve a lready be en used 

successfully to solve problems in a  number of different areas, such as ad aptive control, 

voice and speech recognition from text and medical diagnosis. It is also believed that this 

approach could solve some problems in the area of  effort estimation. According to Idri 

[12], s oft c omputing a pproach c an of fer t he f ollowing a dvantages t o s oftware e ffort 

estimation: 

 Capability t o a dequately m odel t he c omplex s et of  r elationship between f actors 

(cost drivers) or between effort and the cost drivers 

 Capability to learn from historical project data (specifically to neural network) 

 

Even though such advantages are reported, studies in this area are not yet mature. In the 

current w ork, f uzzy l ogic an d n eural n etwork h ave b een ap plied t o u se case b ased 

estimation model (UCBEM). UCBEM was selected as a basis for this work because first, 

it deals with object-oriented software development paradigm, which is current and widely 

used p aradigm.  S econd, us e c ases a nd ot her f actors (cost dr ivers) us ed i n t his m odel 

could b e i dentified an d d escribed at t he e arly st age o f so ftware d evelopment.  S ome 

studies [ 1] h ave al so shown t hat UCBEM co uld est imate so ftware d evelopment ef fort 

with acceptable level of accuracy. So, why and how soft computing methods should be 

incorporated t o U CBEM? T his q uestion is an swered i n t he n ext t hree sect ions o f t his 

chapter. W hile s ection 3.1 de scribes U CBEM, t he f uzzy l ogic a nd ne ural ne twork 

approaches are discussed in section 3.2 and 3.3 respectively.  
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3.1 Use case Based Estimation Model 
 

 Cost estimation based on objects was introduced in 1993 by Karner [17]. This estimation 

method requires that it should be possible to count the number of transactions in each use 

case. A transaction is an event occurring between an actor and the system. The general 

process in use case based estimation model involves four major steps: 

1. The actors in the use case model are categorized as simple, average or complex. A 

simple act or r epresents an other sy stem with a d efined A pplication I nterface 

(API); an average actor is  another system interacting through a protocol such as 

TCP/IP; and a complex actor may be a person interacting through a graphical user 

interface or  a w eb pa ge. A  w eighting factor i s a ssigned to e ach ac tor c ategory: 

Simple: 1, Average: 2, Complex: 3. T he total unadjusted actor weight (UAW) is 

calculated counting the number of actors in each category, multiplying each total 

by its specified weighting factor, and then adding the products. 

2. The use cases are also categorized as simple, average or complex, depending on 

the num ber of  t ransactions, including t he transactions i n a lternative f lows. 

Included and extended use cases are not considered. A simple use case has 3 or 

fewer tra nsactions; an  a verage u se case ha s 4 to 7 t ransactions; a c omplex us e 

case has more than 7 transactions. A weighting factor is assigned to each use case 

category: Simple: 5, Average: 10, Comple    unadjusted use case 

weights (UUCW) are calculated c ounting t he nu mber of  us e c ases i n each  

category, m ultiplying e ach c ategory of  us e c ase w ith i ts w eight a nd a dding t he 

products. The UAW is added to the UUCW to get the unadjusted use case points 

(UUPC). 
 

3.  The u se ca se p oints a re ad justed as p er t he values assigned t o a  n umber o f 

technical an d en vironmental f actors. E ach f actor i s as signed a v alue b etween 0  

and 5 depending on its assumed influence on the project. A rating of 0 means the 

factor i s irrelevant t o the p roject; 5 means i t is essen tial. The t echnical f actors 

measure the complexity of a project regarding non-functional requirements. These 

factors influence the result of the use case p oint.  A ccording to Karner [17], the 
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project co mplexity f actors ar e t he features related t o p erformance, p ortability, 

security, reusability of the code, and others (See Table 3.1).  

Factor Description 
Weight 

(examples) 

T1  Distributed System  2  

T2  Response adjectives  2  

T3  End-user efficiency  1  

T4  Complex processing  1  

T5  Reusable code  1  

T6  Ease of installing  0.5  

T7  Ease of use  0.5  

T8  Portable  2  

T9  Ease of changing  1  

T10  Concurrent  1  

T11  Security features  1  

T12  Access for third parties  1  

T13  Special training required  1  

Table 3 .1 Technical Complexity Factors (TCF)  

The Technical Factor (TCF) is computed using the following formula:  

         TCF = 0.6 + (.01*TFactor).  

The environment factors are related to familiarity with the development process to 

be used in the project, the past experience in the application, motivation, stable 

requirements, and others (See Table 3.2). 
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Factor  Description  Weight 

(examples)  

F1  Familiar with RUP  1.5  

F2  Application experience  0.5  

F3  Object-oriented experience  1  

F4  Lead analyst capability  0.5  

F5  Motivation  1  

F6  Stable requirements  2  

F7  Part-time workers  1  

F8  Difficult programming 

language  

1  

Table 3.2– Environmental Factors (EF)  

 

The Environmental Factor (EF) is computed as follows: 

            EF = 1.4+(-0.03*EFactor)  

The adjusted use case points (UCP) are computed as follows: 

                       UCP = UUCP*TCF*EF 
 

4. Karner [17] proposed a  factor of  20 s taff hour s pe r use case point for a  project 

estimate. Therefore, the effort will be calculated as : UCP*20. 

 

The following two sections describe how the soft computing methods are applied to the 

above described use case based estimation method. 
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3.2 Fuzzy Logic Approach for Use Case Based Cost Estimation Model 
 

The p rimary motivation of f uzzy s et th eory i s the d esire to  b uild a  f ormal q uantitative 

structure capable of capturing the imprecision of human knowledge, that is, the manner in 

which knowledge is expressed in natural language. This theory seeks to br idge the gap 

between t raditional m athematical m odels n eeded f or p hysical sy stems, and t he m ental 

representation, generally imprecise, of such systems. 

 

Fuzzy set is characterized by a  membership function, Ã, which maps the e lements of  a  

domain, space or discourse universe X to a real number in [0,1]. Formally, Ã : X → [0,1]. 

Thus, a fuzzy set is represented as a set of ordered pairs in which the first element is x ∈ 

X, and the second, μÃ(x), is the degree of membership of x in X, which maps x i n the 

interval [0,1]. 

 

The membership of  a n e lement w ithin a  c ertain s et be comes a q uestion o f d egree, 

substituting the actual process imposed by set theory, when this treatment is not suitable. 

In ex treme cases,  the d egree o f m embership i s 0 , i n w hich case the element i s not a  

member of the set, or the degree of membership is 1, if the element is a 100% member of 

the set [15]. 
 

The central idea of extending Use Case Based Estimation Model (UCBEM) to Fuzzy -

UCBEM t hrough f uzzy s et t heory i s t o e xpand s emantics ( Simple, A verage, a nd 

Complex) used to categorize use case complexities. This expansion is required because, 

the o riginal U CBEM u ses d isjoint m anner o f cl assifying u se c ase c omplexities. F or 

example, a use case with 7 transactions is classified as “average”, receiving 10 weighting 

factor. Another use case, which has 8 transactions, is classified as “ complex”, receiving 

15 poi nts. T wo s erious pr oblems a re i mmediately e vident in s uch s ystem o f 

classification: (i) d issimilar use cases receive the same point values, and (ii) s imilar use 

cases are abruptly c lassified into d ifferent groups. This inconsistency can become even 
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worse when there is a large number of transactions in the system that lie within the border 

areas of the specified intervals. 

 

The a bove-mentioned problems c ould be  s olved us ing t riangular m embership f uzzy 

numbers. A  t riangular membership f uzzy nu mber c an be  r epresented by A  ( a, b,  c ), 

whose membership functions are presented in the following equation: 

 

 

 

 

 

 

 

The values a , b, and c  r espectively identify t he l ower, middle, a nd uppe r limits t hat 

determine the shape of the triangle.  

In general, extending UCBEM to Fuzzy- UCBEM consists of two steps:  

1. Fuzzification of the l inguistic terms of use case complexity by generating fuzzy 

numbers 

2. Defuzzification of the linguistic terms (Calculate the numeric values).  

First Step  

In this step, triangular fuzzy numbers A(a, b, c) are generated for each linguistic term Ti 

(Simple, average, Complex) belonging to the complexity of use cases. Initially, the value 

ai assumes the lower limit of the linguistic term i of the complexity being considered. In 

the u se ca se b ased est imation model, a i is 1,4 a nd 7  for simple, average and complex 

respectively  . The value b i is calculated as: b i = ai +  (ai+1))/2. The values for ci will be 

values of bi+1 (ci= bi+1). Using these formulas, the values of bi are 2.5, 5.5, a nd 8.5 f or 

simple, average, and complex respectively. After computing the values for bi, the values 

for ai needs to be re computed except for the first one. Therefore, ai will be equal to bi-1 

for the second and third linguistic terms (ai= bi-1). 

              
0, x≤a 

(x-a)/(b-a), x∈(a, b) 

(c-x)/(c-b), x∈(b, c) 

0, x≥c 

 

 A = 
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Note: The value for b for t he last l inguistic term ( complex) i s 8 .5, which i s calculated 

using a  s imple l inear e xtrapolation ( equal d istance) be tween ot her l inguistic 

terms. 

 

As an example, observe the linguistic term simple, as depicted in Fig. 3.1. In this case, a 

=  1, b= (4+1)/2 = 2.5  and c, = (7+4)/2 = 5.5  

 

 

 

 

 

 

  

 

 

 

 The following figure shows triangular fuzzy numbers for the three complexities. 

 

 

 

 

 

 

 

 

Figure 3.1: Triangular fuzzy number for simple complexity  
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Second Step  

In Fuzzy- UCBEM, to obtain the weighting factor of a use case Wu from fuzzy numbers, 

where μA(x) < 1, we can execute the following defuzzification process:  

Wu = μA(x)Wui+( 1- μA(x)).Wui+1 
 

 

Example 

Let’s consider a s imple library system with the following use cases and their respective 

number of transactions: 

Use case Name Number of transactions 
Weighting factor based on 

UCBEM 

Borrow Item 4 10 

Return Item 3 5 

Catalogue New Item 3 5 

Maintain Borrower Details 8 15 

Total Weighting 35 

Table 3.3: Use cases and their weighting factor according to UCBEM 

 

In the Fuzzified UCBEM, the weighting factor of use cases could be changed based on 

the triangular shaped fuzzy rules. For instance, the weighting factor of use cases with 3 

transactions can be computed as follows: 

μA(3) = (5.5– 3)/(5.5 – 1) = 0.55, and the complement of μA(3)  = 0.45 

This means that the use case with 3 transactions is a member of simple use case with 

degree of  0.55 a nd i t i s a m ember of  a verage us e c ase w ith de gree of  0.4 5. 

Accordingly, t he w eighting f actor o f t he u se case will b e ca lculated as : 

0.55(5)+0.45(10) = 7.25 

Based on the triangular fuzzy rules, Table3.3 will be converted as follows (Table 3.4) 
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Use case Name Number of transactions 
Weighting factor based on 

Fuzzy -UCBEM 

Borrow Item 4 8.3 

Return Item 3 7.25 

Catalogue New Item 3 7.25 

Maintain Borrower Details 8 14.15 

Total Weighting 36.95 

Table 3.4: Use cases and their weighting factor according to Fuzzy-UCBEM 

 

According to t he a bove t ables, t he t otal weighting f actor o f U CBEM i s 35 a nd that o f 

Fuzzy-UCBEM is 36.95. This increment can bring a change on the final estimation. The 

changes w ill be  m ore s ignificant w hen t here are l arge nu mber of  t ransactions i n t he 

system those lies within the border areas of the specified intervals. 

 

3.3 Neural Network Approach for Use Case Based Cost Estimation Model 
 

Artificial N eural N etworks (A NN) c ommonly c alled n eural n etworks, a re m assively 

parallel s ystems i nspired by t he a rchitecture o f bi ological neural ne tworks, c omprising 

simple interconnected units (artificial neurons). The neuron computes a weighted sum of 

its inputs a nd ge nerates a n out put.  N eural n etwork c an be  c onsidered a s a  r ecent 

development but  e njoys a  c ontinuous i nterest by many researchers in t he f ield of  

computer e ngineering a nd a rtificial intelligence. The i nterest i n neural networks comes 

from t heir pot ential t o f ind a  s olution t o va rious pr oblems of  a pplication dom ains.    

Neural n etworks h ave b een su ccessfully ap plied t o a wide r ange o f d ata-intensive 

applications, such as voice recognition, medical diagnosis and financial forecasting. They 

are a lso b eing a pplied in s oftware c ost e stimation. P erforming e stimation by  ne ural 

network c ould ha ve t wo main a dvantages. First, i t a llows l earning f rom pr evious 

situations a nd out comes. T he l earning c riterion is  v ery im portant to s oftware c ost 

estimation models be cause s oftware de velopment i s s upposed t o be c ontinuously 

evolving, a nd s oftware e ffort e stimation i s c ommonly done  ba sed on pa st c ompleted 
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projects. S econd, i t c an model a  c omplex s et of r elationships be tween t he de pendent 

variable (such as cost or effort) and the independent variables (cost drivers).  

 

There are different types of neural network models, but the most common neural network 

model is the multi-layer perceptron (MLP) [9]. The goal of MLP is to create a model that 

correctly maps the input to the output using historical data so that the model can be used 

to predict an output. A graphical representation of a MLP is showed in Figure 3.3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The development of such a neural model began by working out an appropriate layout of 

neurons, or  connections be tween ne twork node s. T his i ncludes de fining t he num ber of  

layers of neurons, the number of neurons within each layer, and the manner in which they 

are a ll l inked. T he w eighted e stimating f unctions between t he n odes an d t he sp ecific 

training algorithm to be used must also be determined. Once the network has been built, 

the model must be trained by providing it with a set of historical project data inputs and 

the corresponding known actual values for project schedule and/or cost. The model then 

iterates on its training algorithm, automatically adjusting the parameters of its estimation 

functions un til the m odel e stimate a nd t he a ctual va lues a re w ithin s ome pr e-specified 

delta set. 

Figure 3.3 – Multi-layer perceptron with two hidden layers 
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In general, building a neural network for any kind of prediction (estimation) involves the 

following major steps:  

1. Identify the network inputs and outputs 

2. Process the input and output values so that they fall into a numeric range, usually 

between 0 and 1 

3. Choose an appropriate topology for the network by defining the number of hidden 

layers 

4. Train the network on a representative set of examples 

5. Test th e n etwork o n a  test s et in dependent o f th e tra ining s et a nd re train th e 

network if necessary 

6. Apply the generated model to predict outcomes in real situations.  

 

In our case, the inputs for the network are the independent variables of the use case based 

estimation model. T hese va riables i nclude a ctor’s c omplexity w eighting f actors, t he 

fuzzified u se case co mplexity w eighting f actors, the technical f actors, and t he 

environmental factors. The output of the network is the predicted effort.  

 

In addition to inputs and outputs, the use of the neural network approach to estimate the 

software ef fort r equires cer tain decisions an d ch oices ab out the ar chitecture, l earning 

algorithm, and activation function.   

 

The architecture o f a n eural network i s the specific a rrangement and connection o f t he 

neurons organized in the form of  layers [14]. I t i s defined by the number of layers, the 

number of  units pe r l ayer, a nd i nterconnection pa ttern between l ayers. T he m ost 

important d ecision t o b e m ade i n ne ural ne twork a rchitecture i s t he n umber of  hi dden 

nodes.  I t is this choice that determines the accuracy with which the network can fit the 

data. The greater the number of nodes, the more precisely the network can learn a given 

function. While this may imply that more is better this only applies where the goal is to 

learn some deterministic function, where an exact mapping from inputs to outputs exists. 

In su ch a c ase i dentical p rojects w ould h ave identical o utputs ( such a s ef fort o r error 

density). T his i s obvi ously not  the c ase w ith software de velopment w here t here a re 
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dissimilar p rojects a nd dissimilar d ata. F or s uch s tochastic data, th e g oal is  in stead to  

develop a model that generalizes to new data. Using more hidden nodes and thus more 

weights generally increases the chance that the network will find a solution that is not the 

best p ossible ( called a  l ocal m inimum). I n g eneral, t he recommended a pproach f or 

problems like software effort estimation is to start with a small number of hidden nodes, 

even with one or  two, and a fter developing the model, add more nodes gradually until 

performance on va lidation da ta s tops i mproving.  Based on t his r ecommendation, our  

typical network will have one input layer with four neurons, at least one hidden layer, and 

one out put l ayer w ith o ne ne uron. This ki nd o f a rchitecture i s know n as m ulti l ayered 

feed forward architecture or multi layer perceptron (MLP). 

 

After d efining th e a rchitecture, the n ext s tep is d ealing w ith th e le arning p rocess. 

According to Hykin [9], learning in a neural network is defined as “a process by w hich 

the free parameters of a  neural network are adopted through a process of simulation by 

the environment in which the network is embedded”.  In other words, it is the process of 

adjusting the ne twork connection weights so t hat t he ne twork produces t he appropriate 

output patterns (effort estimation, in our case) for corresponding input patterns (software 

attributes and cost drivers values, in our case). The idea is to use a set of examples called 

a training set, to adjust the network weights to the right predictive values. 

 

The process of  making the ne twork to l earn t he solution of  a  problem follows a  s et of  

well-defined r ules c alled t he l earning a lgorithm. M any l earning a lgorithms ha ve been 

invented to help f ind an opt imum solution, but  the most common learning a lgorithm is 

back-propagation. Back-propagation starts with a random set of weights uses an example 

in the training set to estimate the output, and compares the estimate with the actual value. 

The back-propagation algorithm u ses t his comparison t o cal culate the est imation o r 

classification error. The error is then feedback through the network and the weights in the 

network are adjusted to minimize the error. The bigger the error the more the weights are 

modified. E ach node  s ees t heir input node  a s a dvisors. T he m ore a n i nput node 

contributes with t he w rong a dvice, t he m ore i ts w eight i s dow ngraded. T his w ay of  

weight a djustment is  s uitable f or e ffort e stimation p roblem b ecause the o utput (effort) 
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should depend on t he contributions of  the di fferent inputs (cost dr ivers). Therefore, the 

learning algorithm for our network model is back-propagation.  

 

The actual weight calculation also includes the slope of the filtering (activation) function 

and a learning rate value.  The favored function for the back-propagation algorithm is the 

sigmoid function.  S ince t he f unction i s not  l inear, i t is  a ppropriate f or s oftware effort 

estimation problem. 

 

In ba ck-propagation p rocess, af ter t he ad justed w eights ar e b ack-propagated f rom t he 

output t o t he i nput nodes, a  new example i s shown to t he ne twork. After be ing shown 

enough t raining e xamples, t he w eights on t he network no longer c hange s ignificantly. 

This i s w hen t he t raining s tops a nd t he ne twork i s s aid to ha ve l earned t he c oncept. 

Critical to t his p rocess is t he l earning r ate, i .e., h ow much the w eights are ad justed t o 

compensate the error at  each t raining cycle. The learning rate controls how quickly the 

network reacts to a particular error. If the learning rate is too aggressive, the network will 

act quickly to correct one type of error but may corrupt the weight structure previously 

assembled to prevent other types of error. This might bar the network from converging to 

a specific set of weights. On the other hand, if the learning rate is too conservative, the 

network will take a long time to converge to a specific set of weights. This is especially 

troublesome when one has a limited training set, as is in our case.  So, for our case, good 

approach for the learning rate is to start with aggressive and to slowly decrease it as the 

network is being trained. Initially, the weights are random, so large oscillations are useful 

to get in the range of their best values. However, as the network gets closer to a solution, 

the learning rate should be decreased so that the weights can be fine-tuned to an optimum 

solution.  
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A graphical representation of our network model is showed in Figure 3.4 
 

 

 

 

 

 

 

 
 
3.4 The Data Used for the Experiment 
 

To validate our approach, we were required to get historical data on completed software 

projects. Since our approach requires data on projects developed using an object-oriented 

paradigm, getting access to such data was a  major impediment to this work.  A n effort 

was made to acquire the required data by contacting different researchers in the area of 

software d evelopment ef fort est imation, sp ecifically in t he ar ea o f u se cas e based 

estimation models, but most of them did not reply. Finally, we managed to secure data on 

fifteen software projects, out of which, five were on industry projects and ten on s tudent 

projects. D ata on t he t welve pr ojects ( two on  i ndustry a nd te n s tudent p rojects) w ere 

originally collected by Ribu [21] for MSc thesis work. One of the industry projects was 

an Internet application for a major bank in Norway, and the other was a real-time system 

developed a s p art o f a l arge co mmercial sy stem. T he st udent p rojects w ere o f t wo 

categories. Five of them were on Internet applications, and the other five were on s tand-

alone applications for office management. 

 

The ot her data on three i ndustry pr ojects w ere c ollected by K arner[17] w ho i s t he 

inventor o f u se case based e stimation m odel. O ne o f t he i ndustry p rojects w as an  

information s ystem f or ope ration s upport of  pe rformance m anagement i n 

telecommunication ne tworks. T he s econd a nd third pr ojects w ere a  L AN management 

system and a telecommunication system, respectively 

Fuzzified use case 
weighting factor 

Environmental Factors 

Technical Factors Effort 

Input Layers Hidden Layers 

Output Layer 
Actors weighting 
factor 

Figure 3.4. A Neural Network for Software Development Effort Estimation 
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Cognizant of the scarcity of data on the area, it is assumed that the data we obtained are 

sufficient to validate our approach. Consequently, our experiment is done based on these 

available data. T he p rocess an d t he results o f t he ex periment ar e d iscussed i n t he next 

chapter. 
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4. Experiment 
 

Our a pproach f or s oftware de velopment e ffort e stimation i s ba sed o n f uzzy l ogic a nd 

neural networks. The applicability of each method was tested using the acquired data set.  

This chapter presents the process of the experiment and the impact of each method on the 

use case based estimation model.  

 

4.1. The Fuzzy Logic Experiment 
 

Fuzzification and defuzzification of use case complexity weighting factor was applied as 

per t he p roposed a pproach. F or t he purpose of  t his e xperiment, t he f uzzy c omputation 

was pe rformed us ing s preadsheet s oftware. A s de scribed i n c hapter 3,  t he membership 

function o f each  u se case co mplexity-weighting f actor was c omputed ba sed on t he 

number of transactions. 
 

Each m embership f unctions w ere c omputed a ccording to the t riangular m embership 

function. The membership computations are shown in the following formulas:  

Membership to Simple (MS): 

 

 

 

 

where: a, b, and c represent values   2.5, 5.5, and 8.5, as they are computed in chapter 
three. x  is number of transactions in a  use case 
 

Membership to Average (MA): 

 

 

 

Membership to Complex (MC): 

 

 

MS= 
1, x<a 
(b-x)/(b-1), a<x<b 
0, x>b 
 

MC= 
0,   x<b 
1-MA,  b<x<c 
1, x>c 

MA= 
0,   x<a 
1-MS,  a<x<b 
(c-x)/(c-b),  b<x<c 
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After computing the membership of each use case, the fuzzy weight ( FW)is computed 

as:    

 

 
 

The following table (table 4.1) shows a sample of use cases with their fuzzy membership 

function. The use cases in the table are drawn from project 15. Project 15 is one of the 

industry p rojects obt ained f rom K arner’s w ork [ 17]. T he pr oject w as on a 

telecommunication system.  

Use Cases 

Number of 

transaction 

Membership 

to Simple 

Membership 

to Average 

Membership 

to Complex Fuzzy Weight 

UC1 4 0.33 0.67 0.00 8.33 

UC2 5 0.11 0.89 0.00 9.44 

UC3 6 0.00 0.83 0.17 10.83 

UC4 6 0.00 0.83 0.17 10.83 

UC5 7 0.00 0.50 0.50 12.50 

UC6 5 0.11 0.89 0.00 9.44 

UC7 4 0.33 0.67 0.00 8.33 

UC8 7 0.00 0.50 0.50 12.50 

UC9 5 0.11 0.89 0.00 9.44 

UC10 7 0.00 0.50 0.50 12.50 

UC11 5 0.11 0.89 0.00 9.44 

UC12 4 0.33 0.67 0.00 8.33 

UC13 7 0.00 0.50 0.50 12.50 

UC14 5 0.11 0.89 0.00 9.44 

UC15 4 0.33 0.67 0.00 8.33 

Total 152.22 

Table 4.1 Fuzzy membership functions of use cases in project 15. 

Accordingly, t he t otal f uzzy w eights o f each  p roject i n t he data set ar e co mputed ( see 

Apendix A for details). 

 The total fuzzy weights of each project are shown in the following table (table 4.2). 

         FW= 
  
 (MS*5) + (MA*10) + MC*15  
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PROJECTS Total Fuzzy Weight 

Project1 547.22 

Project 2 662.50 

Project3 45.56 

Project4 41.67 

Project5 36.67 

Project6 46.94 

Project7 38.06 

Project8 76.67 

Project9 24.17 

Project10 57.22 

Project11 47.22 

Project12 59.17 

Project13 99.17 

Project14 488.61 

Project15 152.22 

Table 4.2 Total fuzzy weights of use cases. 

 

4.1.1.   The impact of Fuzzy logic on the Use case based estimation 

model. 
 

In or der t o s how t he i mpact of  t he f uzzy l ogic, t he t otal f uzzy w eight w as us ed t o 

compute t he e ffort. T o compute t he e ffort, t he c alculated t otal f uzzy w eights were 

adjusted using the Karner’s formula: 

AUCP = AW+UUCP*TCF*EF.  

Effort =AUCP*20 

Where, AUP = Adjusted Use Case Point 

 AW= Actor Weight 

 UUCP= Unadjusted Use Case Point 

 TCF= Technical Factors 

 EF= Environmental Factors. 
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In our  c ase, i .e., f or t he F uzzy–UCBEM, t he U UCP i s t otal f uzzy weight. T he e ffort 

(hour) of  e ach pr oject is c omputed us ing this formula. T he e stimated e ffort w hich i s 

computed using both UCBEM and Fuzzy-UCBEM, and the actual effort is shown in the 

following table (table 4.3). 

 
Projects Estimated Effort (hour) Using 

Fuzzy-UCBEM 
Estimated Effort 

(hour) Using UCBEM Actual Effort 

Project 1 10586 10831 10043 

Project 2 12725 14965 13933 

Project 3 356 455 294 

Project  4 357 421 371 

Project 5 317 321 232 

Project 6 381 421 371 

Project 7 318 320 420 

Project 8 590 570 580 

Project 9 234 231 243 

Project 10 459 498 595 

Project 11 382 340 578 

Project 12 481 469 490 

Project 13 2115 2145 2150 

Project 14 11667 12500 11980 

Project 15 3791 3760 5400 

Table 4.3 Actual versus Estimated results. 

 

In some cases, Fuzzy-UCBEM can be worse than the classical UCBEM depending on the 

number of transactions of use cases in a project.  For example, if many of the use cases in 

a pr oject have 4 or  5 t ransactions ( as pr oject 13), f uzzy-UCBEM r educes t he t otal u se 

case point and the estimated effort. This is true because use cases with 4 transactions are 

categorized as av erage use case an d o btain a weight o f 1 0, b ut i n f uzzy-UCBEM t he 

weight o f u se ca se w ith 4 t ransactions i s c omputed a s 8.4.  S uch reduction h as a  
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disadvantage i f t he p roject is u nderestimated b y t he c lassical U CBEM, b ut i t w ill b e 

advantageous if the project is overestimated by the classical UCBEM 

 

4.1.2. Evaluation of UCBEM and Fuzzy-UCBEM  

 

In order to evaluate the techniques with respect to their fitting accuracy, Mean Magnitude 

of R elative E rror ( MMRE) an d P red ( I) w ere u sed. T hese m ethods ar e ac cepted as 

common a ccuracy i ndicators of  s oftware c ost e stimation models [8, 19] . They a re a lso 

considered as more reasonable variables than other statistical criteria, since they measure 

the c apability o f p rediction, n ot th e s tatistical explanation. T he re lative e rror (R E) is  

((actual e ffort-estimated e ffort) /  a ctual effort) *100. T he magnitude of  r elative error 

(MRE) is  the absolute value of the relative error (MRE=|RE|). The mean magnitude of 

relative e rror (M MRE) is  th e a verage o f a ll magnitudes o f re lative e rrors.  M MRE is  

defined as follows: 

 

 

 

 

 

 

where N is the number of projects. 

  

If the MMRE is small, then we have a good set of Predictions. A model is accepted as a 

good estimation model, if it estimates with MMRE ≤ 0.25 [8, 19].  

 

Prediction a t L evel I (P red(I)), w here I is a  p ercentage, i s d efined a s th e q uotient o f 

number of cases in which the estimates are within the I absolute limit of the actual values 

divided by the total number of cases. For example, Pred(0.1) = 0.9 means that 90% of the 

cases have estimates within the 10% range of their actual values. A standard criterion for 

considering a model as accep table is Pred(0.25) ≥ 0.75. This means that at least 75% of 

the est imates ar e w ithin t he r ange of t he 2 5% o f t he act ual v alues. T he accu racy o f 

  

 
 
MMRE = 
 
 
    N 

   N 
   ∑ 
   i=1 

 

Actual Effort – Estimated Effort 
 Actual Effort X 100 
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Fuzzy-UCBEM and UCBEM in terms of the above criteria’s is computed, and the result 

is shown in the following table (table 4.4). 

 

 Fuzzy-

UCBEM 

UCBEM 

MMRE 0.13 0.18 

Pred(0.25) 0.8 0.73 

Table 4.4 Accuracy in terms of MMRE and Pred(0.25) 

 

The above table shows that both Fuzzy-UCBEM and UCBEM could be accepted as good 

estimation models b ecause b oth o f t hem i ntroduced a  MMRE<0.25. T he r esult a lso 

shows the level of accuracy of Fuzzy-UCBEM is better than UCBEM; it introduces less 

MMRE. 

 

In t erms of  P red(0.25), t he r esult of  F uzzy-UCBEM i s 0.8. T his m eans, 80%  of t he 

estimates ar e w ithin t he r ange o f the 25%  of  t he a ctual v alues. I n g eneral, the r esult 

shows that applying fuzzy logic s lightly improves the accuracy of  UCBEM in terms of  

both MMRE and Pred (0.25). 

 

4.2. The Neural Network Experiment 
 

The other soft computing method applied to the UCBEM is the neural network approach. 

This section describes the neural network experiment carried out and its result. In order to 

see t he effect o f t he f uzzified u se case w eighting f actors i n t he n eural n etwork m odel, 

each experiment is carried out for both UCBEM and Fuzzy-UCBEM. 
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4.2.1.  Pre-Processing of Data Sets 
 

The input variables selected for the neural network model are based on the use case based 

effort estimation model. These variables are 

1. Actor’s complexity weighting factors (AW) 

2. Use case complexity weighting factors ( Fuzzified use case complexity weighting 

factors in the case of Fuzzy-UCBEM)-UCW 

3. Technical complexity weighting factors (TCF) 

4. Environmental factors (EF) 

 

After setting the input variables, the next step was to characterize the input variables and 

normalize them because a neural network works best when the input and output data are 

between 0 and 1. The data were normalized to fit between 0 and 1 by dividing each value 

by 100000. This number was used because the maximum value in the data set is a five-

digit number.  

 

The available datasets were divided into t raining and test sets using holdout and leave-

one-out methods.  Holdout method means di viding t he da ta i nto a  m utually e xclusive 

training and test sets. This means just keeping some percentage of the data for testing and 

others f or t raining. F ollowing t his method, t wo da ta f iles w ere pr epared, na mely, t he 

training data file, and testing data file. The training data set included data representative 

of the overall data range, and it includes 80% of the total data. The other 20% of the total 

data set was used for testing purpose. The testing data were selected randomly from the 

total data sets. The testing and training data were kept separate in order to create a model 

that will generalize new input s ituations, and not s imply memorize the data.  T able 4.5 

and 4.6 respectively show data used for training and testing in Neuro-UCBEM, and table 

4.7 and 4.8 show that of Neuro-fuzzy-UCBEM.  
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Projects UCW AW TCF EF Actual 

Project 1 0.0047 0.00006 0.0000104 0.0000092 0.10043 

Project 2 0.00545 0.00048 0.0000103 0.0000087 0.13933 

Project 3 0.0006 0.00005 0.0000085 0.00083 0.00294 

Project 4 0.0004 0.00009 0.0000085 0.00083 0.00298 

Project 6 0.00055 0.00007 0.0000085 0.00083 0.00371 

Project 7 0.0004 0.00007 0.0000085 0.00083 0.0042 

Project 8 0.0008 0.00007 0.0000085 0.00083 0.0058 

Project 9 0.00025 0.00009 0.0000085 0.00083 0.00243 

Project 10 0.00055 0.00008 0.0000085 0.00083 0.00595 

Project 12 0.0006 0.00009 0.0000085 0.00083 0.0049 

Project 13 0.001 0.0001 0.00001 0.0000097 0.0215 

Project 14 0.005 0.0001 0.00001 0.0000117 0.125 

Table 4.5 Normalized data set used for training in holdout method with UCW 

 

Projects  UCW AW TCF EF Actual 

Project 5 0.0004 0.00009 0.0000085 0.00083 0.00232 

Project 11 0.0004 0.00007 0.0000085 0.00083 0.00578 

Project 15 0.0015 0.0001 0.00001 0.0000117 0.054 

Table 4.6 Normalized data set used for testing in holdout method with UCW 
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Projects Fuzzy-UCW AW TCF EF Actual 

Project 1 0.005472222 0.00006 0.0000104 0.0000092 0.10043 

Project 2 0.006625 0.00048 0.0000103 0.0000087 0.13933 

Project 3 0.000455556 0.00005 0.0000085 0.00083 0.00294 

Project 4 0.000416667 0.00009 0.0000085 0.00083 0.00298 

Project 6 0.000469444 0.00007 0.0000085 0.00083 0.00371 

Project 7 0.000380556 0.00007 0.0000085 0.00083 0.0042 

Project 8 0.000766667 0.00007 0.0000085 0.00083 0.0058 

Project 9 0.000241667 0.00009 0.0000085 0.00083 0.00243 

Project 10 0.000572222 0.00008 0.0000085 0.00083 0.00595 

Project 12 0.000591667 0.00009 0.0000085 0.00083 0.0049 

Project 13 0.000991667 0.0001 0.00001 0.0000097 0.0215 

Project 14 0.004886111 0.0001 0.00001 0.0000117 0.125 

Table 4.7 Normalized data set used for training in holdout method with fuzzified UCW 

 

Projects  Fuzzy-UCW AW TCF EF Actual 

Project 5 0.000366667 0.00009 0.0000085 0.00083 0.00232 

Project 11 0.000472222 

 0.00007 0.0000085 0.00083 0.00578 

Project 15 0.001522222 0.0001 0.00001 0.0000117 0.054 

Table 4.8 Normalized data set used for testing in holdout method with fuzzified UCW 

 

In leave–one-out method data sets are used for t raining and testing us ing the following 

steps: 

 Leave one data point out of the dataset, 

 Train the network model using the remaining projects, 

  Test the model by predicting the value of the omitted project, and 

 Repeat this process for each project in the dataset.   
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According to Kitchenham [18], this method is appropriate when we have a small dataset 

(e.g. 10-30 projects). In order to apply this method, data sets for training and testing were 

prepared for UCBEM and Fuzzy-UCBEM (table 4.9 and 4.10 respectively).  

 

Projects UCW AW TCF EF Actual 

Project 1 0.0047 0.00006 0.0000104 0.0000092 0.10043 

Project 2 0.00545 0.00048 0.0000103 0.0000087 0.13933 

Project 3 0.0006 0.00005 0.0000085 0.00083 0.00294 

Project 4 0.0004 0.00009 0.0000085 0.00083 0.00298 

Project 6 0.00055 0.00007 0.0000085 0.00083 0.00371 

Project 7 0.0004 0.00007 0.0000085 0.00083 0.0042 

Project 8 0.0008 0.00007 0.0000085 0.00083 0.0058 

Project 9 0.00025 0.00009 0.0000085 0.00083 0.00243 

Project 10 0.00055 0.00008 0.0000085 0.00083 0.00595 

Project 12 0.0006 0.00009 0.0000085 0.00083 0.0049 

Project 13 0.001 0.0001 0.00001 0.0000097 0.0215 

Project 14 0.005 0.0001 0.00001 0.0000117 0.125 

Project 5 0.0004 0.00009 0.0000085 0.00083 0.00232 

Project 11 0.0004 0.00007 0.0000085 0.00083 0.00578 

Project 15 0.0015 0.0001 0.00001 0.0000117 0.054 

Table 4.9 Normalized data set used for training and testing in leave-one-out method with 

unfuzzified UCW 
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Projects Fuzzy-UCW AW TCF EF Actual 

Project 1 0.005472222 0.00006 0.0000104 0.0000092 0.10043 

Project 2 0.006625 0.00048 0.0000103 0.0000087 0.13933 

Project 3 0.000455556 0.00005 0.0000085 0.00083 0.00294 

Project 4 0.000416667 0.00009 0.0000085 0.00083 0.00298 

Project 6 0.000469444 0.00007 0.0000085 0.00083 0.00371 

Project 7 0.000380556 0.00007 0.0000085 0.00083 0.0042 

Project 8 0.000766667 0.00007 0.0000085 0.00083 0.0058 

Project 9 0.000241667 0.00009 0.0000085 0.00083 0.00243 

Project 10 0.000572222 0.00008 0.0000085 0.00083 0.00595 

Project 12 0.000591667 0.00009 0.0000085 0.00083 0.0049 

Project 13 0.000991667 0.0001 0.00001 0.0000097 0.0215 

Project 14 0.004886111 0.0001 0.00001 0.0000117 0.125 

Project 5 0.000366667 0.00009 0.0000085 0.00083 0.00232 

Project 11 0.000472222 0.00007 0.0000085 0.00083 0.00578 

Project 15 0.001522222 0.0001 0.00001 0.0000117 0.054 

Table 4.10 Normalized da ta s et us ed f or t raining a nd t esting i n l eave-one-out m ethod 

with fuzzified UCW 

 

After pr eparing a nd pr e-processing the da ta, w e bui lt, t rained, a nd t ested t he n etwork 

model. All these processes are carried out using Matlab’s Neural Network Toolbox.  

 

4.2.2. Building the Model 
 

The modeling process involves selecting the neural network type and building the model 

by set ting t he p arameters.  F or so ftware d evelopment ef fort est imation model, a fully 

connected three layer feed forward neural network was proposed and built. Determining 

the num ber of  ne urons i n the h idden l ayer is one  important de cision i n bu ilding t he 

network model. If they are very few, it will not be flexible enough to model the data; if 
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they are too many, the model will over fit the data. A common practice in neural network 

experiment suggests that the number of neurons in the hidden layer should be determined 

by us ing a  t rail and e rror method [9]. This means that, by f ollowing the tra il and error 

method, th e n umber o f p rocessing e lements th at w ill le ad to  th e lo west e rror in th e 

prediction of output versus actual output, should be settled as the final number. Following 

this method, an experiment was run with alternative numbers (numbers from 1 to 10) and 

then the one with 7 ne urons was found to be the best prediction model (see table 4.11). 

The range from 1 to 10 was used, because it is recommended that the number of neurons 

in the hidden layer should fall somewhere between the number of input variables and the 

number of  out puts in t he da ta set.  T he s tructure of  t he d esigned n etwork i s s hown i n 

Figure 4.1. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In bot h t he hi dden a nd out put l ayers, t he s igmoid f unction i s us ed a s t he a ctivation 

function. Network weights and biases are initialized randomly. The epoch l imit used in 

this experiment was 10000.  

Figure 4.1 The Neural network Architecture 
 

Fuzzified use case 
weighting factor 

Environmental Factors 

Technical Factors 
Effort 

Input Layers Hidden Layers 

Output Layer Actors weighting 
factor 

4 
7 

1 
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Network No. Number of 

hidden units 

Performance error 

(MSE) in UCBEM 

Performance error (MSE) 

in Fuzzy-UCBEM 

1 1 0.000794723 0.000812877 

2 2 0.000126995 0.000163923 

3 3 0.000688152 0.0000895252 

4 4 0.0000118358 0.0000134342 

5 5 0.000153409 0.0000572389 

6 6 0.000049027 0.0000321704 

7 7 0.0000101808 0.0000054059 

8 8 0.0000544377 0.000010997 

9 9 0.0000862509 0.000053296 

10 10 0.000173085 0.000229305 

Table 4.11 Performance of neural network model with variable hidden units 

   

4.2.3. Statistical evaluation of the model 
 

Evaluating a neural network in terms of some statistical factors is important to show the 

performance of the network. According to Flexer [7], it is by no means justified to report 

just the best result of  the multiple runs of  experiment. Instead, a t least the mean of  the 

performance measures over al l t hose r uns an d t he co rresponding v ariance sh ould b e 

reported. Taking this into account, mean and variance of the performance measures of the 

designed n etwork w ere c omputed f or one  hundr ed r uns. T he m ultiple r uns were 

computed v arying t he s equence of  i nput da ta. T he mean s hows t he nor mality of  t he 

distribution of  measures, and the va riance shows the generalization pe rformance o f the 

network model. 

 

The c omputed m ean a nd va riance were 0.000 02126 a nd 0.00000000016 r espectively. 

The r esult s hows t hat performance e rrors w ere nor mally di stributed a mong a ll r uns 

because t he mean i s not so  f ar f rom t he r esult r eported for be st pe rformance, which i s 
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0.0000054. T he r esult a lso s hows t hat t he network ha s ve ry good ge neralization 

performance because the value of the variance is very small. 

 

4.2.4. Training the Model 
 

The training of a neural network is the process by which the neural network is presented 

with actual data from the process. It uses this to find the most appropriate set of weights 

for each connection. 

 

As i t w as proposed, back-propagation learning a lgorithm w as u sed for tra ining th e 

network. T he i mplementation of  back-propagation learning a lgorithm upda tes t he 

network weights and biases in a direction that the performance function decreases most 

rapidly - the negative of the gradient. This means that the weights and biases are updated 

in th e d irection o f th e n egative gradient of  t he p erformance f unction. T he back 

propagation algorithm can be based on batch gradient descent or batch gradient descent 

with momentum. In the MATLAB’s neural network toolbox, the steepest descent training 

function is traingd. There are seven training parameters associated with traingd: epochs, 

show, goal, time, min_grad, max_fail, and lr. The learning rate lr is the rate at which the 

neural n etwork le arns. If th e learning ra te i s made to o la rge, th e a lgorithm b ecomes 

unstable. If the learning rate is set too small, the algorithm takes a long time to converge. 

The tra ining s tatus is displayed f or e very show iteration o f th e a lgorithm. T he o ther 

parameters determine w hen t he t raining s tops. T he t raining s tops i f t he num ber of  

iterations exceeds epochs, the performance function drops below goal, the magnitude of 

the g radient is  le ss th an minimum gradient, o r if  th e tr aining tim e is  longer than time 

seconds.  Momentum c an be  a dded t o ba ck pr opagation l earning by making w eight 

changes eq ual t o the su m of a  fraction of  t he l ast w eight c hange a nd t he ne w c hange 

suggested by t he ba ck propagation r ule. A  momentum c onstant, mc, which c an be a ny 

number between 0 and 1, mediates the magnitude of the effect that the last weight change 

allowed to have. When the momentum constant is 0, a weight change is based solely on 

the gradient. When the momentum constant is 1, the new weight change is set to equal 

the last weight change and the gradient is simply ignored. The gradient is computed by 



   38 

summing the gradients calculated a t each  training example, and the weights and b iases 

are only updated after all training examples have been presented. If the new performance 

function on a given iteration exceeds the performance function on a previous iteration by 

more than a predefined ratio max_perf_inc, the new weights and biases are discarded, and 

the momentum coefficient mc is set to zero. The steepest descent training function with 

momentum in the neural ne twork toolbox i s traingdm. I t has the same parameters with 

traingd with one additional parameter, i.e., momentum constant (mc). 

 

The ne twork w ith 7 h idden uni ts was t rained using bot h traingd and traingdm and t he 

result shows that, applying traingd introduces less mean squared error (see table 4.12). 

 

Training Function Performance error (MSE) in 

UCBEM 

Performance error (MSE) 

in Fuzzy-UCBEM 

Traingd 0.0000101808 0.0000054059 

Traingdm 0.0000774829 0.0000393559 

Table 4.12 Performance of neural network model with traingd and traingdm   

 

Using traingd back propagation learning algorithm, successive training were performed 

for di fferent c ombinations of  l earning r ate. T he t raining pr ocess s tops upon hi tting t he 

error tolerance, or reaching the epoch’s limits. The following table (table 4.13) shows the 

performance of the neural network model with different learning rates. 
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Learning rate 

 

Performance error (MSE) 

in UCBEM 

Performance error (MSE 

in Fuzzy-UCBEM) 

1.0 0.00130962 0.00573099 

0.9 0.00000676729 0.000000970099 

0.8 0.000000486227 0.000000573023 

0.7 0.000000451983 0.000000517843 

0.6 0.00000425146 0.000000473927 

0.5 0.000000404466 0.000000439503 

0.4 0.00000038898 0.000000365034 

0.3 0.00000211475 0.00000034828 

0.2 0.00000112837 0.00000033754 

0.1 0.00000901719 0.0000003323 

Table 4.13 Performance of NN with variable learning rates. 

 

The above table shows that best l earning rate for UCBEM is 0.4 a nd i s 0.1 f or Fuzzy-

UCBEM. T he pe rformance e rror i s monotonically de creasing f or f uzzy-UCBEM. T his 

may imply that smallest learning rate is appropriate for fuzzy-UCBEM, but this may not 

be true for all cases .It depends on the nature of data sets used. 

 

4.2.5. Testing the Model 
 

Testing was carried out using the two methods stated earlier in section 4.2.1, i.e., holdout 

and leave-one-out.  The results and process of testing with the two methods are presented 

below. 

 

4.2.5.1. Testing with holdout method 

 
Applying the holdout method, tests were carried out with three project data, which were 

selected randomly from the fifteen project data. As mentioned earlier, the data in the test 

data f ile are not represented in the training data set . The test data were specified in the 
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input/output parameters of the model. The network with best performance, i.e., 7 hidden 

units w ith 0.4 a nd 0.1 l earning r ate f or N euro-UCBEM a nd Ne uro-Fuzzy-UCBEM 

respectively, were tested. Test results for the holdout method are shown in table 4.14 (for 

UCBEM) and table 4.15(for Fuzzy-UCBEM ). 

 

Tests with 

different data 

Predicted Output Actual output Errors (Actual-

Predicted) 

Test1 375.58 232 -143.58 

Test2 418.67 578 159.33 

Test3 3260 5400 2140 

Table 4.14 Test result of Neuro-UCBEM with holdout method. 

 

Tests with 

different data 

Predicted Output Actual output Errors (Actual-

Predicted) 

Test1 241.04 232 -9.04 

Test2 600.92 578 -22.92 

Test3 3565.6 5400 1834.4 

Table 4.15 Test result of Neuro-Fuzzy-UCBEM  holdout method. 

 

4.2.5.2. Testing with leave-one-out method 
 

The leave-one-out method enables to use the overall data for both training and testing in a 

recursive manner. This means one data-point (data of one project) will be taken out from 

the data set for testing while the rests are used for training. A data-point could be used for 

training and testing at different times but not concurrently. For example, to run a first test 

in our case, data of project1 was used for testing, while data of the other fourteen projects 

were used for training. For a second test, data of project2 was used for testing, while data 

of the other fourteen projects (including data of project1 that was used for testing in the 

previous case) were used for training, and the process was carried out for all project data. 

In t he pr ocess of  a pplying t his m ethod, f ifteen i nput/output f iles w ere p repared f or 



   41 

training and another f ifteen for t esting.  T he required data files were prepared for both 

Neuro-UCBEM and Neuro-Fuzzy-UCBEM . 

 

 The following tables show test results in holdout method. Table 4.16 shows test result of 

Neuro-UCBEM, and table 4.17 shows that of Neuro-Fuzzy UCBEM 

 

Tests with different data Predicted Actual Errors (Actual-Predicted) 

Test1 11747 10043 -1703.5 

Test2 12803 13933 1129.9 

Test3 204.18 294 89.821 

Test4 280.87 298 17.13 

Test5 279.79 232 47.793 

Test6 458.24 371 -87.241 

Test7 455.26 420 -35.258 

Test8 458.24 580 88.142 

Test9 290.32 243 -47.325 

Test10 652.34 595 -57.336 

Test11 423 578 154.85 

Test12 437.95 490 52.055 

Test13 1678.5 2150 471.5 

Test14 13992 12500 1492.2 

Test15 4670 5400 730.02 

Table 4.16 Test result of Neuro-UCBEM with leave-one-out method 
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Tests with different data Predicted Actual Errors (Actual-Predicted) 

Test1 10013 10043 29.842 

Test2 13948 13933 -14.902 

Test3 226.72 294 67.782 

Test4 316.04 298 -18.045 

Test5 256.47 232 -24.467 

Test6 393.69 371 -22.695 

Test7 411.62 420 83.762 

Test8 585 580 -50.03 

Test9 253.82 243 -10.822 

Test10 607.15 595 -12.152 

Test11 472 578 95 

Test12 505.16 490 -15.158 

Test13 2110.3 2150 39.727 

Test14 12703 12500 -203.22 

Test15 4714 5400 -686.67 

Table 4.17 Test result of Neuro-Fuzzy-UCBEM with leave-one-out method 

 

4.2.6. Test Result Analysis. 
 

Test results obtained by both holdout and leave-one-out methods were evaluated in terms 

of M ean M agnitude of  R elative E rror ( MMRE) a nd P RED ( .25). T hese t wo s tatistical 

methods enable to validate the models with respect to their fitting accuracy. 

 

The following t able (table 4.18)  s hows t he a ccuracy of  the ne ural network model w ith 

holdout method. 
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 NeuroFuzzy-

UCBEM 

NeuroUCBEM 

MMRE 0.13 0.42 

Pred(0.25) 0.66 0 

Table 4.18 Accuracy of  NN with holdout method 

 

As shown above the result of Neuro-Fuzzy-UCBEM in terms of MMRE is 0.13. Since it 

is less than 0.25, it indicates that the model is acceptable for software development effort 

estimation. On the other hand, t he MMRE of  Neuro-UCBEM i s 0.42, w hich i s gr eater 

than 0.25. This indicates that Neuro-UCBEM is not acceptable as a good model. In terms 

of P red(0.25) a gain t he N euro-Fuzzy-UCBEM sh ows better accu rate r esult. T he 

Pred(0.25) of t he N euroFuzzy-UCBEM i s 0.6 6 a nd that of N euro-UCBEM i s 0 .  As  

described in section 4.1.2, a standard criterion for considering a model to be accepted as a 

good e stimation model i s P red(0.25) ≥ 0.75.  B ut none  of  t he t wo models f ulfill these 

criteria.  Considering the size of the datasets used for testing (which are only three), it is 

difficult t o generalize that t he a ccuracy of  models a re poor  i n t erms of  P red(0,25). 

Especially f or N euro-Fuzzy-UCBEM, 0.66 i s good r esult. T his m eans t hat two of  t he 

three estimates are within the range of 25% of the actual. 

 

The accuracy of the models in terms of both MMRE and Pred(.25) were improved when 

leave-one-out method is applied for training and testing the network. The result obtained 

by applying the leave-one-out method is shown in table 4.19. 

 

 NeuroFuzzy-

UCBEM 

Neuro-

UCBEM 

MMRE 0.06 0.16 

PRED(0.25) 1 0.86 

Table 4.19 Accuracy of NN with leave-one-out method 

 

As s hown i n t he a bove t able, bot h N euro-Fuzzy-UCBEM a nd Ne uro-UCBEM h ave a  

MMRE<0.25. This indicates that both of them are acceptable, but Neuro-Fuzzy-UCBEM 
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is more acceptable because i ts MMRE i s l ess than that o f Neuro-UCBEM. In terms o f 

Pred(0.25), the result of Neuro-Fuzzy-UCBEM is 1 a nd that of Neuro-UCBEM is 0.86. 

This means, 100% of  the estimates are within the range of  25% of  the actual values in 

Neuro-Fuzzy-UCBEM, a nd i t i s 86%  i n Neuro-UCBEM.  S ince t he m inimum 

requirement i n P red(.25) i s 0.75, bot h models a re acceptable for software development 

effort estimation.  

 

In t erms of  bot h M MRE a nd P red(.25), the N euro-Fuzzy-UCBEM out performs t he 

Neuro-UCBEM . This indicates that fuzzyfing the use case complexity-weighting factor 

has a n i mpact on t he performance of  t he ne ural ne twork. It a lso indicates th at t he 

performance of a neural network is affected not only by t he size of the training data set 

but also by the nature of input-output data used for training.  

 

In general, the accuracy result obtained by applying leave-one-out method is encouraging 

and t he m ethod s eems more a ppropriate t han t he holdout method, esp ecially f or sm all 

data set  si ze.  T herefore, d iscussions an d co nclusions a re made b ased o n t he r esult 

obtained by the leave-one-out method. 
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5. Discussion 
 

This w ork ha s a ttempted t o e xplore t he po tential of  s oft c omputing a pproaches f or 

software de velopment e ffort e stimation by a pplying f uzzy l ogic a nd ne ural ne twork t o 

use case based effort estimation. The results of the experiments are shown in the previous 

chapter. This chapter discusses the result of the experiments from different perspectives: 

accuracy, consistency and other related issues. 

 

5.1. Accuracy of the Models 
 

 Performance o f a m odel f or so ftware d evelopment ef fort e stimation i s b asically 

evaluated b y i ts l evel o f accuracy t o est imate e ffort/cost. I n so me cases,  h owever, t he 

accuracy requirements for a model may be low when compared to other goals, and these 

other motivations may be su perseding, esp ecially w here t he i mprovements i n accu racy 

are sm all. I t i s al so i mportant to  s pecify p re-analysis w hat is m eant b y accu racy f or a  

particular modeling task. In some cases, absolute errors are of concern, while in o thers 

relative errors ar e m ore i mportant. A lso, a ch oice m ust b e made b etween t he relative 

importance of  threshold-based errors ( like Pred(l)) and average er rors. These i ssues are 

certainly not trivial ones, to be faced with the same solution for all projects. In this study 

emphasis is placed on MMRE and Pred(l), which are considered as a co mmon  accuracy 

indicators in many research works on effort/cost estimation [8, 18, 19]. 

 

The results are summarized in Table 5.1 a nd plotted in f igure 4.2 a nd 4.3, showing the 

MMRE, Pred(0.25) and correlation measures achieved under the different methods.  
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 Fuzzy-

UCBEM 

UCBEM NeuroFuzzy-

UCBEM 

NeuroUCBEM 

MMRE 0.13 0.18 0.06 0.16 

Pred(0.25) 0.8 0.73 1 0.86 

Correl 0.994424 0.994792 0.999242 0.990766 

  Table 5.1 Summary of results  
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Figure 5.1 Performance of models in terms of MMRE 

 

The model with minimum errors (MMRE) is the best accurate model. According to the 

above figure, the best one is Neuro-Fuzzy-UCBEM. 
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Performance of Models in terms of Pred(0.25)
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Figure  5.2 Performance of models in terms of Pred(0.25) 

 

In th is f igure, th e m odel w ith th e h ighest p ercentage i s t he b est a ccurate m odel. 

Therefore, the best model according to this figure is again Neuro-Fuzzy-UCBEM. 

 

Examination of  t he r esults i n terms of  bot h MMRE a nd P red(0.25) s hows t hat t he 

NeuroFuzzy-UCBEM technique appears to perform best followed by Fuzzy-UCBEM and 

Neuro-UCBEM and UCBEM. T his r esult i ndicates t hat t he ne ural network m odel 

performs best when it is used with fuzzy use case complexity weighting factor inputs, and 

it i s s lightly be tter than UCBEM when i t i s used without fuzzyfing inputs. This shows 

that the performance of the neural network model is affected by the values of data in the 

input vectors (not only in the quantity of input dataset).  

 

In ge neral, the l evels o f a ccuracy obtained by  a pplying s oft c omputing methods a re 

encouraging.  B ased o n t he ab ove r esults, w e can  say  t hat so ft co mputing ap proaches 

have a  p otential to  e stimate s oftware d evelopment e ffort w ith re asonable l evel o f 

accuracy. 
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5.2. Consistency of the models 

 
The co nsistency o f t he est imation method w as m easured b y t he co rrelation (C orrel) 

between the estimates and the actuals. A consistent method should have a high positive 

correlation between actuals and estimates. Examination of the results in terms of Correl 

shows that there i s 99% correlation between actuals and est imate in al l the t echniques. 

There i s n o si gnificance d ifference am ong t he t echniques. T his m eans t hat all t he 

techniques are consistent in estimating software development effort.  

 

5.3. Benefits  
 

In a ddition t o a ccuracy a nd c onsistency, the neuro-fuzzy m odel a pplied h ere o ffers 

different advantages for software development effort estimation:.  

1. It d eals w ith u ncertainty an d l earns f rom ex perience ( data). T he f uzzy l ogic 

removes t he unc ertainty i n a ssigning us e c ase complexity weighting f actor, a nd 

the neural network enables the model to learn from existing previous project data.  

These issues were major problems in other cost estimation models. 

2. It can  b e ap plied at  t he ear ly st age o f so ftware d evelopment p rocess. It can  b e 

used after requirements are specified in terms of use cases and other technical and 

complexity f actors a re identified. This pr ocess c ould b e done a t requirement 

specification st age, w hich i s relatively ea rly stage o f so ftware d evelopment 

process. 

3. It can be applied for any project type. As far as project requirements are specified 

using us e c ases and t echnical &  c omplexity f actors a re properly identified, the 

neuro-fuzzy model can be used to estimate effort in any project type of software 

development. This was also demonstrated by the case studies conducted. The data 

used for the experiment were of various project types, ranging from management 

information system to real time system. 
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5.4. Limitations 
 

The limitations or constraints of any estimation model should be understood before it is 

applied to practical situations. The neuro-fuzzy model has some limitations: 

1. Final re sults w hich a re difficult to  interpret a re o btained. Other th an accuracy, 

there i s the issue o f in terpretability of the models in  their f inal form. There a re 

limited opportunities to view the form of the model using a black box technique 

such as a n eural network. While the weights are available, it i s d ifficult to then 

interpret these in a meaningful manner. 

2. The n eural network m odel m ay n ot al low r eplicating r esults f or al l c ases o f 

estimation. Training a neural network is an algorithmic procedure and the results 

can most cer tainly b e r eplicated as  l ong as o ne u ses i dentical co de, t he sam e 

initial w eights, th e s ame tra ining d ata, a nd t he s ame d eterministic method o f 

presenting the data during t raining. However, i f even one of these parameters is 

altered, the resulting neural network would almost certainly be different from the 

original one . T his di fference is a pt t o be  e xtremely minor, how ever it i s no t 

inconceivable that major differences could occur.  

 

5.5. Selecting the Optimal Model 
 

In t his thesis, est imation models l ike U CBEM, F uzzy-UCBEM, Ne uro-Fuzzy-UCBEM 

and Neuro-UCBEM have been described and tested on c ase study data sets.  It is found 

out that the use of the most appropriate model, Neuro-Fuzzyy-UCBEM, can lead to more 

accurate results; however, this should not be the only criterion used for selecting a model.  

Such factors as consistency and interpretability need to be considered in conjunction. For 

a particular p roject, the re lative importance o f each should be assessed, al ong with t he 

advantages/disadvantages of each model when compared to the others. In many cases, the 

best s olution i s t o not  select a ny o ne model, but  r ather t o estimate us ing t wo or  m ore 

methods. T herefore, on e c an us e the a bove-mentioned m odels sep arately t o e stimate 

software development effort and select the one which seems reasonable. 
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6. Implementation of the Neuro-Fuzzy UCBEM  
 

In order to demonstrate the automation of the neuro-fuzzy UCBEM approach, a prototype 

tool is developed. The prototype tool incorporates different packages (modules) that are 

designed to pr ovide di fferent services. T his c hapter de scribes t he d esign a nd 

implementation of the prototype tool for the neuro-fuzzy UCBEM. Section 6.1 describes 

the environment under which the prototype is implemented and section 6.2 pr esents the 

architecture defined to automate the e ffort estimation process based on f uzzy logic and 

neural networks. Also, a description of the components/sub-systems of the architecture is 

given in this section.  

 

6.1. Description of Environment 
 

The s ystem is de veloped us ing M ATLAB.  M ATLAB i s a hi gh-performance l anguage 

for technical computing. It integrates computation, visualization, and programming in an 

easy-to-use e nvironment w here p roblems and s olutions a re expressed i n f amiliar 

mathematical notation. MA TLAB features a f amily of add-on a pplication-specific 

solutions c alled t oolboxes. T oolboxes a re c omprehensive c ollections of  M ATLAB 

functions (M-files) that extend the MATLAB environment to solve particular classes of 

problems. Areas i n w hich t oolboxes a re a vailable i nclude s ignal p rocessing, c ontrol 

systems, neural networks, fuzzy logic, wavelets, simulation, and many others. Therefore, 

MATLAB was su itable t o i mplement o ur s ystem esp ecially for t he ba ck-propagation 

algorithm. 

 

6.2. Architecture 
 

The sy stem i mplements t he n euro-fuzzy t echnique. T he neuro-fuzzy t echnique u ses 

various parameters like fuzzyfied use case weights, actor weights, and environmental and 

technical factors as input for a neural network. The neural network is then used to predict 

an effort for a new project. For the purpose of this prototype, the neuro-fuzzy UCBEM 
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system was sub divided into four different sub systems. The framework of the prototype 

is shown in Figure 6.1. 

Interface

Pre-Process Train

Data

 Access

Test

 
 

 

 

 

 

 

 Figure 6.1 System Architecture of the Neuro-fuzzy UCBEM Framework 

 

As shown in the above figure, there are four sub systems namely Pre-Process, Training, 

Test and Data Access. A brief discussion regarding the sub systems is provided below: 

1. The Pre-Process Subsystem. This subsystem is used to process the data entered 

through the interface. The processes performed by this subsystem include: 

 Fuzzyfing  use case complexity weighting factors 

 Calculating total use case weights 

 Calculating total actor’s weight 

Training Dataset 
Test Dataset 
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 Calculating technical and environmental factors 

 Normalization of calculated fields  

 Writing the processed data into a file. 

2. Train Subsystem. T his s ubsystem i s r esponsible f or i mplementing t he ne ural 

network. It implements a  three-layer architecture with seven hidden uni ts, back-

propagation l earning a lgorithm, a nd sigmoid activation f unction. I t r eads pr e-

processed input/output data for training and trains the network with the data.  

3. Test Subsystem. This subsystem is responsible for testing the performance of the 

network. It reads processed data (cost drivers) from file and predicts an effort for 

a new project based on the trained network  

4. Data Access Subsystem.  This subsystem is responsible for reading and writing 

data.  It provides a read - write service for other sub systems. 

 

6.3. Class Diagram 
 
Three m ajor cl asses n amely U se case,  N etwork an d F ile w ere identified f or t his 

prototype. The classes with their services and relationships are shown in Figure 6.2. 
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«uses»

1..*

1..*

«uses»

1..*

1..*

1..*

1..*

Use_Case Class

-Use_case_name

-No_of_Transactions

-Actor_Type

-TCF

-EF

+setUsecaseName(se_case_name)

+setNo_of_Transaction(No_of_Transactions)

+setTCF(TCF)

+setEF(EF)

+fuzzyfyUsecaseWeight(WCW)

+caculateTotalTCF(TCF)

+calculateTotalEF(EF)

+addUsecase(Use_case_name)

+deleteUsecase(Use_case_name)

+modifyUsecase(Use_case_name)

File Class
-fileName

+getfileName(ileName)

+readDataFromFile(ileName)

+writeDataFromFile(ileName)Network Class
-network_name

+getTrainData(fileName)

+getTargetData(fileName)

+trainNetwork(network_name)

+testNetwork(network_name)

 

Figure 6.2 Class Diagram for the Neuro-fuzzy UCBEM prototype 
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6.4. Interface Design 
The u ser interface en ables t he u ser to i nteract with t he sy stem. T hree m ajor f orms ar e 

designed for the system. 

1. Main page. The screenshot of the main page is shown in Figure 6.3. 

 

 Figure 6.3 Main Page of the prototype 
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2. TCF form. This f orm i s us ed t o e nter t he w eights of  t he t echnical c omplexity 

factors, which are identified in use case based estimation model. The screenshot 

of this form is shown in Figure 6.4. 

 

Figure 6.4 The TCF form 
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3. EF form. This f orm i s us ed t o enter t he w eights of  t he e nvironmental f actors, 

which are identified in use case based est imation model. The screenshot o f t his 

form is shown in Figure 6.5. 

 

Figure 6.5 The EF form 

 



   57 

7. Conclusions 
 

Reasonable prediction of software development effort is a critical factor in making good 

management d ecisions i n so ftware p roject m anagement. B ut i t i s v ery ch allenging an d 

full of uncertainties. Many estimation models have been proposed over the last 30 years, 

but th ere is  n o e stimation model th at d eal w ith i mprecision, u ncertainty, a nd le arning 

from pr evious s ituations. A lso, a pproaches de veloped t o address these i ssues are no t 

satisfactory. 

 

The purpose of this thesis was to explore and apply soft computing techniques that seem 

promising f or ha ndling unc ertainties a nd ot her i ssues. A  N euro-fuzzy a pproach t hat 

incorporates two main soft computing methods, i.e., neural network and fuzzy logic was 

proposed and applied to use case based estimation model. The result shows that these soft 

computing t echniques h ave an  en couraging p otential t o est imate so ftware d evelopment 

effort. 

 
7.1 Main Contributions 
 

The main contributions of this work are summarized as follows: 

1. introduced a neuro-fuzzy technique to software development effort estimation 

2. extended u se case b ased est imation model b y f uzzyfing use case co mplexity 

weighting factors. It is also shown that this process slightly improves the accuracy 

of the use case based estimation model. 

3. designed a nd i mplemented a  ne ural n etwork m odel f or s oftware de velopment 

effort estimation.  

 

As can be seen from this work, applying neuro-fuzzy technique improves the accuracy of 

use c ase b ased e stimation m odel. T his i ndicates the po tential of  s oft c omputing 

approaches in estimating software development effort with reasonable accuracy.  
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7.2 Future Works. 
 

Though s everal activities a re unde rtaken by  t his r esearch w ork, w e be lieve t hat t he 

potential of soft computing methods could be further explored and one can come up with 

better results by extending this work. The possible extensions of this work are described 

as follows: 

 

1. The f irst a nd obvi ous e xtension of  t his w ork i s t raining a nd t esting t he ne uro-

fuzzy approach with large and more reliable data sets. 

2. Fuzzification o f o ther c ost d rivers lik e a ctor’s w eighting factor, a ssignment o f 

technical and environmental factors is also a possible extension. 

3. The ne ural network m odel de signed i n t his w ork a ssigns weights t o e ach i nput 

just randomly. Applying fuzzy logic to determine weight for each input unit in the 

neural network model is a possible extension of this work. This may help to come 

up w ith a b etter st able an d accu rate model. I t al so h elps t o i nterpret decisions 

made by the network.  

4. It i s a lso p ossible to c heck t he pe rformance o f t he ne ural ne twork m odel w ith 

other learning algorithms like unsupervised learning.  
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 Abbreviations  
 

KLOC : Kilo Lines Of Code 

COCOMO: COnstractive Cost MOdel 

UCBEM : Use Case Based Estimation Model 

NN: Neural Network 

UUCW: Unadjusted Use Case Weight 

UAW: Unadjusted Actor’s Weight 

UUPC: Unadjusted Use Case Point 

TCF: Technical Complexity factors 

EF: Environmental Factors
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Appendix A 

Data Sets Used for the Experiment 
Industry Projects 

Project A 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership 

to Average 

Membership 

to  Complex 

Fuzzy 

Weight 
UC1 3 0.555555556 0.44444444 0 7.22222222 

UC2 2 1 0 0 5 

UC3 1 1 0 0 5 

UC4 5 0.111111111 0.88888889 0 9.44444444 

UC5 4 0.333333333 0.66666667 0 8.33333333 

UC6 6 0 0.83333333 0.166666667 10.8333333 

UC7 3 0.555555556 0.44444444 0 7.22222222 

UC8 7 0 0.5 0.5 12.5 

UC9 5 0.111111111 0.88888889 0 9.44444444 

UC10 6 0 0.83333333 0.166666667 10.8333333 

UC11 6 0 0.83333333 0.166666667 10.8333333 

UC12 5 0.111111111 0.88888889 0 9.44444444 

UC13 4 0.333333333 0.66666667 0 8.33333333 

UC14 5 0.111111111 0.88888889 0 9.44444444 

UC15 3 0.555555556 0.44444444 0 7.22222222 

UC16 1 1 0 0 5 

UC17 5 0.111111111 0.88888889 0 9.44444444 

UC18 2 1 0 0 5 

UC19 2 1 0 0 5 

UC20 4 0.333333333 0.66666667 0 8.33333333 

UC21 5 0.111111111 0.88888889 0 9.44444444 

UC22 4 0.333333333 0.66666667 0 8.33333333 

UC23 6 0 0.83333333 0.166666667 10.8333333 

UC24 4 0.333333333 0.66666667 0 8.33333333 

UC25 6 0 0.83333333 0.166666667 10.8333333 

UC26 1 1 0 0 5 

UC27 8 0 0.16666667 0.833333333 14.1666667 

UC28 5 0.111111111 0.88888889 0 9.44444444 
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UC29 6 0 0.83333333 0.166666667 10.8333333 

UC30 1 1 0 0 5 

UC31 9 0 0 1 15 

UC32 2 1 0 0 5 

UC33 1 1 0 0 5 

UC34 4 0.333333333 0.66666667 0 8.33333333 

UC35 4 0.333333333 0.66666667 0 8.33333333 

UC36 5 0.111111111 0.88888889 0 9.44444444 

UC37 6 0 0.83333333 0.166666667 10.8333333 

UC38 3 0.555555556 0.44444444 0 7.22222222 

UC39 4 0.333333333 0.66666667 0 8.33333333 

UC40 4 0.333333333 0.66666667 0 8.33333333 

UC41 9 0 0 1 15 

UC42 5 0.111111111 0.88888889 0 9.44444444 

UC43 1 1 0 0 5 

UC44 6 0 0.83333333 0.166666667 10.8333333 

UC45 4 0.333333333 0.66666667 0 8.33333333 

UC46 6 0 0.83333333 0.166666667 10.8333333 

UC47 5 0.111111111 0.88888889 0 9.44444444 

UC48 6 0 0.83333333 0.166666667 10.8333333 

UC49 3 0.555555556 0.44444444 0 7.22222222 

UC50 4 0.333333333 0.66666667 0 8.33333333 

UC51 5 0.111111111 0.88888889 0 9.44444444 

UC52 5 0.111111111 0.88888889 0 9.44444444 

UC53 4 0.333333333 0.66666667 0 8.33333333 

UC54 2 1 0 0 5 

UC55 5 0.111111111 0.88888889 0 9.44444444 

UC56 4 0.333333333 0.66666667 0 8.33333333 

UC57 6 0 0.83333333 0.166666667 10.8333333 

UC58 3 0.555555556 0.44444444 0 7.22222222 

UC59 5 0.111111111 0.88888889 0 9.44444444 

UC60 4 0.333333333 0.66666667 0 8.33333333 

UC61 2 1 0 0 5 

UC62 6 0 0.83333333 0.166666667 10.8333333 

UC63 4 0.333333333 0.66666667 0 8.33333333 

  Total       547.222222 
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 Actors  Weights Total 

 Simple 0 1 0 

 Medium 0 2 0 

 Complex 2 3 6 

   Total 6 

 

 

Project B 

Use Cases 
Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex 
Fuzzy Weight 

UC1 3 0.555555556 0.44444444 0 7.22222222 

UC2 3 0.555555556 0.44444444 0 7.22222222 

UC3 3 0.555555556 0.44444444 0 7.22222222 

UC4 7 0 0.5 0.5 12.5 

UC5 7 0 0.5 0.5 12.5 

UC6 3 0.555555556 0.44444444 0 7.22222222 

UC7 9 0 0 1 15 

UC8 3 0.555555556 0.44444444 0 7.22222222 

UC9 7 0 0.5 0.5 12.5 

UC10 3 0.555555556 0.44444444 0 7.22222222 

UC11 3 0.555555556 0.44444444 0 7.22222222 

UC12 7 0 0.5 0.5 12.5 

UC13 9 0 0 1 15 

UC14 3 0.555555556 0.44444444 0 7.22222222 

UC15 7 0 0.5 0.5 12.5 

UC16 3 0.555555556 0.44444444 0 7.22222222 

UC17 6 0 0.83333333 0.166666667 10.8333333 

UC18 7 0 0.5 0.5 12.5 

UC19 3 0.555555556 0.44444444 0 7.22222222 

UC20 7 0 0.5 0.5 12.5 

UC21 9 0 0 1 15 

UC22 7 0 0.5 0.5 12.5 

UC23 3 0.555555556 0.44444444 0 7.22222222 
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UC24 6 0 0.83333333 0.166666667 10.8333333 

UC25 9 0 0 1 15 

UC26 3 0.555555556 0.44444444 0 7.22222222 

UC27 7 0 0.5 0.5 12.5 

UC28 3 0.555555556 0.44444444 0 7.22222222 

UC29 7 0 0.5 0.5 12.5 

UC30 9 0 0 1 15 

UC31 3 0.555555556 0.44444444 0 7.22222222 

UC32 3 0.555555556 0.44444444 0 7.22222222 

UC33 6 0 0.83333333 0.166666667 10.8333333 

UC34 8 0 0.16666667 0.833333333 14.1666667 

UC35 3 0.555555556 0.44444444 0 7.22222222 

UC36 7 0 0.5 0.5 12.5 

UC37 3 0.555555556 0.44444444 0 7.22222222 

UC38 3 0.555555556 0.44444444 0 7.22222222 

UC39 9 0 0 1 15 

UC40 9 0 0 1 15 

UC41 6 0 0.83333333 0.166666667 10.8333333 

UC42 3 0.555555556 0.44444444 0 7.22222222 

UC43 9 0 0 1 15 

UC44 3 0.555555556 0.44444444 0 7.22222222 

UC45 9 0 0 1 15 

UC46 7 0 0.5 0.5 12.5 

UC47 3 0.555555556 0.44444444 0 7.22222222 

UC48 9 0 0 1 15 

UC49 3 0.555555556 0.44444444 0 7.22222222 

UC50 3 0.555555556 0.44444444 0 7.22222222 

UC51 7 0 0.5 0.5 12.5 

UC52 9 0 0 1 15 

UC53 3 0.555555556 0.44444444 0 7.22222222 

UC54 7 0 0.5 0.5 12.5 

UC55 3 0.555555556 0.44444444 0 7.22222222 

UC56 6 0 0.83333333 0.166666667 10.8333333 

UC57 7 0 0.5 0.5 12.5 

UC58 3 0.555555556 0.44444444 0 7.22222222 
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UC59 7 0 0.5 0.5 12.5 

UC60 3 0.555555556 0.44444444 0 7.22222222 

UC61 6 0 0.83333333 0.166666667 10.8333333 

UC62 7 0 0.5 0.5 12.5 

UC63 6 0 0.83333333 0.166666667 10.8333333 

     662.5 

 

 

Actors    

  Weight Total 

Simple 1 1 1 

medium 16 2 32 

complex 5 3 15 

  UAW 48 

 

Student Projects 
Project 1 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 2 1 0 0 5 

UC2 5 0.111111111 0.88888889 0 9.44444444 

UC3 4 0.333333333 0.66666667 0 8.33333333 

UC4 1 1 0 0 5 

UC5 5 0.111111111 0.88888889 0 9.44444444 

UC6 4 0.333333333 0.66666667 0 8.33333333 

   UUCP  45.5555556 

 
Actors    

  Weight Total 

Simple 0 1 0 

medium 1 2 2 

complex 2 3 3 

  UAW 5 
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Project 2 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 1 1 0 0 5 

UC2 2 1 0 0 5 

UC3 3 0.555555556 0.44444444 0 7.22222222 

UC4 5 0.111111111 0.88888889 0 9.44444444 

UC5 1 1 0 0 5 

UC6 2 1 0 0 5 

UC7 1 1 0 0 5 

   UUCP  41.6666667 

 
Actors    

  Weight Total 

Simple 0 1 0 

medium 0 2 0 

complex 3 3 9 

  UAW 9 

 

Project 3 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 3 0.555555556 0.44444444 0 7.22222222 

UC2 3 0.555555556 0.44444444 0 7.22222222 

UC3 3 0.555555556 0.44444444 0 7.22222222 

UC4 2 1 0 0 5 

UC5 1 1 0 0 5 

UC6 1 1 0 0 5 

     36.6666667 

 
Actors    

  Weight Total 

Simple 0 1 0 

medium 0 2 0 

complex 3 3 9 
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  UAW  

Project 4 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 4 0.333333333 0.66666667 0 8.33333333 

UC2 2 1 0 0 5 

UC3 1 1 0 0 5 

UC4 5 0.111111111 0.88888889 0 9.44444444 

UC5 6 0 0.83333333 0.166666667 10.8333333 

UC6 4 0.333333333 0.66666667 0 8.33333333 

     46.9444444 

 
Actors    

  Weight Total 

Simple 1 1 1 

medium 0 2 0 

complex 2 3 6 

  UAW 7 

 

Project 5 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 4 0.333333333 0.66666667 0 8.33333333 

UC2 5 0.111111111 0.88888889 0 9.44444444 

UC3 5 0.111111111 0.88888889 0 9.44444444 

UC4 6 0 0.83333333 0.166666667 10.8333333 

     38.0555556 

 
Actors    

  Weight Total 

Simple 1 1 1 

medium 0 2 0 

complex 2 3 6 

  UAW 7 
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Project 6 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 5 0.111111111 0.88888889 0 9.44444444 

UC2 2 1 0 0 5 

UC3 6 0 0.83333333 0.166666667 10.8333333 

UC4 3 0.555555556 0.44444444 0 7.22222222 

UC5 4 0.333333333 0.66666667 0 8.33333333 

UC6 5 0.111111111 0.88888889 0 9.44444444 

UC7 4 0.333333333 0.66666667 0 8.33333333 

UC8 3 0.555555556 0.44444444 0 7.22222222 

UC9 6 0 0.83333333 0.166666667 10.8333333 

     76.6666667 

 
Actors    

  Weight Total 

Simple 1 1 1 

medium 0 2 0 

complex 2 3 6 

  UAW 7 

 

Project 7 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 1 1 0 0 5 

UC2 4 0.333333333 0.66666667 0 8.33333333 

UC3 6 0 0.83333333 0.166666667 10.8333333 

     24.1666667 

 
Actors    

  Weight Total 

Simple 1 1 1 

medium 0 2 2 

complex 2 3 6 
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  UAW 9 

 

Project 8 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 3 0.555555556 0.44444444 0 7.22222222 

UC2 8 0 0.16666667 0.833333333 14.1666667 

UC3 6 0 0.83333333 0.166666667 10.8333333 

UC4 3 0.555555556 0.44444444 0 7.22222222 

UC5 5 0.111111111 0.88888889 0 9.44444444 

UC6 4 0.333333333 0.66666667 0 8.33333333 

     57.2222222 

 
Actors    

  Weight Total 

Simple 0 1 0 

medium 1 2 2 

complex 3 3 6 

  UAW 8 

 

Project 9 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership 

to Average 

Membership 

to  Complex 

Fuzzy 

Weight 

UC1 7 0 0.5 0.5 12.5 

UC2 3 0.555555556 0.44444444 0 7.22222222 

UC3 7 0 0.5 0.5 12.5 

UC4 9 0 0 1 15 

          47.2222222 

 

Actors    

  Weight Total 

Simple 1 1 1 

medium 0 2 0 

complex 2 3 6 
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  UAW 7 

 

Project 10 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 4 0.333333333 0.66666667 0 8.33333333 

UC2 6 0 0.83333333 0.166666667 10.8333333 

UC3 5 0.111111111 0.88888889 0 9.44444444 

UC4 1 1 0 0 5 

UC5 4 0.333333333 0.66666667 0 8.33333333 

UC6 2 1 0 0 5 

UC7 1 1 0 0 5 

UC8 3 0.555555556 0.44444444 0 7.22222222 

     59.1666667 

 

Actors    

  Weight Total 

Simple 1 1 1 

medium 1 2 2 

complex 2 3 6 

  UAW 9 
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Projects from Karner's Work 

 

Project A 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

UC1 4 0.333333333 0.66666667 0 8.33333333 

UC2 4 0.333333333 0.66666667 0 8.33333333 

UC3 5 0.111111111 0.88888889 0 9.44444444 

UC4 7 0 0.5 0.5 12.5 

UC5 4 0.333333333 0.66666667 0 8.33333333 

UC6 7 0 0.5 0.5 12.5 

UC7 5 0.111111111 0.88888889 0 9.44444444 

UC8 7 0 0.5 0.5 12.5 

UC9 5 0.111111111 0.88888889 0 9.44444444 

UC10 4 0.333333333 0.66666667 0 8.33333333 

     99.1666667 

 

Actors    

  Weight Total 

Simple 0 1 0 

medium 5 2 10 

complex 0 3 0 

  UAW 10 

 

Project B 
Number of 

transaction Membership to Simple 

Membership to 

Average 

Membership to  

Complex Fuzzy Weight 

4 0.333333333 0.66666667 0 8.33333333 

5 0.111111111 0.88888889 0 9.44444444 

6 0 0.83333333 0.166666667 10.8333333 

7 0 0.5 0.5 12.5 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 
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5 0.111111111 0.88888889 0 9.44444444 

7 0 0.5 0.5 12.5 

4 0.333333333 0.66666667 0 8.33333333 

5 0.111111111 0.88888889 0 9.44444444 

7 0 0.5 0.5 12.5 

4 0.333333333 0.66666667 0 8.33333333 

5 0.111111111 0.88888889 0 9.44444444 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

4 0.333333333 0.66666667 0 8.33333333 

5 0.111111111 0.88888889 0 9.44444444 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

4 0.333333333 0.66666667 0 8.33333333 

7 0 0.5 0.5 12.5 

5 0.111111111 0.88888889 0 9.44444444 

7 0 0.5 0.5 12.5 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 
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7 0 0.5 0.5 12.5 

4 0.333333333 0.66666667 0 8.33333333 

6 0 0.83333333 0.166666667 10.8333333 

5 0.111111111 0.88888889 0 9.44444444 

5 0.111111111 0.88888889 0 9.44444444 

4 0.333333333 0.66666667 0 8.33333333 

5 0.111111111 0.88888889 0 9.44444444 

5 0.111111111 0.88888889 0 9.44444444 

7 0 0.5 0.5 12.5 

    488.611111 

 
Actors    

  Weight Total 

Simple 0 1 0 

medium 5 2 10 

complex 0 3 0 

  UAW 10 
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Project C 

Use Cases 

Number of 

transaction 

Membership to 

Simple 

Membership 

to Average 

Membership to  

Complex 

Fuzzy 

Weight 

UC1 4 0.33 0.67 0.00 8.33 

UC2 5 0.11 0.89 0.00 9.44 

UC3 6 0.00 0.83 0.17 10.83 

UC4 6 0.00 0.83 0.17 10.83 

UC5 7 0.00 0.50 0.50 12.50 

UC6 5 0.11 0.89 0.00 9.44 

UC7 4 0.33 0.67 0.00 8.33 

UC8 7 0.00 0.50 0.50 12.50 

UC9 5 0.11 0.89 0.00 9.44 

UC10 7 0.00 0.50 0.50 12.50 

UC11 5 0.11 0.89 0.00 9.44 

UC12 4 0.33 0.67 0.00 8.33 

UC13 7 0.00 0.50 0.50 12.50 

UC14 5 0.11 0.89 0.00 9.44 

UC15 4 0.33 0.67 0.00 8.33 

          152.22 

 

Actors    

  Weight Total 

Simple 0 1 0 

medium 5 2 10 

complex 0 3 0 

  UAW 10 

    

 

 

 


	1 Title Page
	Advisor Confirmation

	2Preliminaries
	Acknowledgements
	Table of Contents
	List of Figures

	Final-thesis
	Introduction
	Statement of the Problem
	Overview of the Thesis

	Related Works
	2.1 Works on Fuzzy Logic Approach
	2. 2 A work on Neural Network Approach
	2.3 A work on Neuro-genetic Approach

	3. Effort Estimation using Neuro-fuzzy Techniques
	3.1 Use case Based Estimation Model
	3.2 Fuzzy Logic Approach for Use Case Based Cost Estimation Model
	First Step

	3.3 Neural Network Approach for Use Case Based Cost Estimation Model
	3.4 The Data Used for the Experiment

	Experiment
	The Fuzzy Logic Experiment
	Membership to Simple (MS):
	Membership to Average (MA):
	Membership to Complex (MC):


	The impact of Fuzzy logic on the Use case based estimation model.
	Evaluation of UCBEM and Fuzzy-UCBEM
	The Neural Network Experiment
	Pre-Processing of Data Sets
	Building the Model
	Statistical evaluation of the model
	Training the Model
	Testing the Model
	Testing with holdout method
	Testing with leave-one-out method
	Test Result Analysis.

	Traingd
	Traingdm
	NeuroUCBEM

	Discussion
	Accuracy of the Models
	Consistency of the models
	Benefits
	Limitations
	Selecting the Optimal Model

	Implementation of the Neuro-Fuzzy UCBEM
	Description of Environment
	Architecture
	Class Diagram
	Interface Design

	Conclusions
	7.1 Main Contributions
	7.2 Future Works.

	References:
	Abbreviations
	EF: Environmental Factors Appendix A
	Data Sets Used for the Experiment
	Industry Projects
	Student Projects
	Projects from Karner's Work




