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ABSTRACT

CLASSIFICATION BASED COST ESTIMATION MODEL FOR
EMBEDDED SOFTWARE

Software development companies face many problems in order to complete their
projects successfully: on time, within budget and with no defects. Scheduling and resource
allocation directly affect financial performance and market position of a software
company. The challenge is how the project managers will decide what level of skill set,
for how long and at what cost they will need for a given project. Therefore, practitioners
increasingly need intelligent oracles to help them make these decisions. These oracles can
be defined as the learning based prediction models for effort and cost estimation. Such
predictive models prevent project managers to take wrong decisions due to inaccurate

estimations.

In this research, we focus on building learning based predictive models for cost
estimation in embedded systems domain. Our proposed model tackles the prediction
accuracy problem from both data usage and model development aspects. Firstly, we focus
on data usage and investigate what kind of and how much training data should be used for
software cost estimation in embedded systems. Secondly, we focus on model development
and propose a new cost estimation model for embedded software. We believe that our
results would assist the software managers while selecting the data to train the cost models

and allocating available resources more efficiently by using more accurate analysis.

In literature, there has not been any study that focused on embedded software cost
estimation yet. We aim to fill in this gap for embedded systems domain. In addition, we
present a new cost estimation model which achieves high accuracy rates. In our empirical
work, we utilize a wide range of machine learning techniques in order to make our results
be independent from the techniques used. Also, we used datasets from three different

sources in order to be able to generalize our results under different set-ups.



OZET

GOMULU YAZILIMLAR ICIN SINIFLANDIRMA BAZLI MALIYET
TAHMINI MODELI

Yazilim gelistirme firmalar1 projelerini basarili bir sekilde, yani zamaninda, biitceyi
agsmadan ve hatasiz bitirmek ic¢in bircok zorlukla karsilasmaktadirlar. Planlama ve
kaynaklarin paylasgimi bir yazilim sirketinin finansal performansint ve pazardaki
konumunu dogrudan etkilemektedir. Asil zorluk; proje yoneticilerinin, verilen bir proje
icin ne kadar siireyle ve maliyetle hangi seviyede yetenek gerekecegine nasil karar
verecegidir. Bu ylizden proje yoneticileri bu kararlar1 vermeye yardimei olacak akilli yol
gostericilere giderek atan bir sekilde ihtiyag duymaktadirlar. Bu yol gostericiler, isgiicii ve
maliyet tahmini i¢in 6grenme tabanli tahmin modelleri olarak tanimlanabilir. Bu tip
modeller, proje yoneticilerinin hatali tahminlere bagli olarak yanlis kararlar vermelerini

onlemektedir.

Bu aragtirmada, gomiilii yazilim alaninda maliyet tahmini i¢in 6grenme tabanli
tahmin modelleri gelistirmeye odaklaniyoruz. Modelimiz, tahmin dogrulugu problemini,
hem verinin kullanimi hem de model gelistirilmesi agilarindan ele almaktadir. ilk olarak,
verinin kullanimina odaklanip, gdmiilii sistemlerde yazilim maliyeti tahmini i¢in ne tiir ve
ne kadar veri kullanilmas: gerektigini arastirtyoruz. Ikinci olarak, model gelistirilmesi
tizerine odaklanip, gémiilii yazilimlar i¢in yeni bir maliyet tahmini modeli Oneriyoruz.
Sonuglarimizin, maliyet modellerini egitecek verinin se¢imi ve eldeki kaynaklarin daha

etkin bir sekilde paylasimi konularinda proje yoneticilerine destek olacagina inaniyoruz.

Yazinda, gomiilii yazilimlarin maliyet tahminiyle ilgili herhangi bir ¢aligma
bulunmamaktadir. Biz, bu boslugu gomiilii sistemler alaninda doldurmay1 amacliyoruz.
Buna ek olarak, yiiksek dogruluk orani elde eden yeni bir maliyet tahmini modeli
sunuyoruz. Deneylerimizde, sonug¢larimizin kullanilan modelden bagimsiz olmasin
saglamak icin, genis c¢apta yapay Ogrenme tekniklerinden faydalaniyoruz. Bir de,
deneylerimizin degisik durumlarda da ayni sonuglar1 verdigini gostermek ve dolayisiyla bu

sonuglar1 genellestirebilmek i¢in ti¢ farkli kaynaktan veri setleri kullaniyoruz.
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1. INTRODUCTION

Cost estimation is one of the critical steps of the software development life cycle as it
assists project managers when they make important decisions such as bidding for a new
project, planning and resource allocation. As Leung and Fan states, underestimation results
in approving projects that would exceed their budgets whereas overestimation results in
wasting of resources [5]. Therefore, modeling accurate and robust software cost estimators
is still a key challenge for managing successful software projects. A wide variety of
methods have been proposed in order to achieve both high accuracy and robustness. Most

of these methods reveal from statistics and machine learning fields [12].

In cost estimation, there are two main ways that can be followed in order to improve
prediction accuracy. The first one is to understand the structure of the cost data better and
the second one is to develop a better predictor. In this research, we focus on both methods

and propose our solutions for each of them in the domain of embedded software.

In order to understand the data better, previous studies mostly concentrate on the
comparison of either cross- vs. within-company data or cross- vs. within-business domain
data [13, 14]. Cross-company data is gathered from different companies and is mostly
preferred by the companies which have no historical data of completed software projects or
are newly established. On the other hand, within-company data is gathered from one
company and is used when the company has enough historical data to train and validate its
estimation models on. When we look at previous studies on this subject, it was found out
that estimation models that are developed on within-company data (a.k.a. within-company
model) give either similar or better results than those developed on cross-company data
(a.k.a. cross-company model) [13]. In none of the studies, cross-company models were
significantly better than within-company models. As an extension of the research on cross-
vs. within company data, there was an effort to examine the homogeneity of cost data from
business domain point of view [14]. In contrast to cross- vs. within-company data, both
cross- and within-business domain data are collected from different companies. Within-
business domain data is gathered from different companies with the same operation area

(such as finance, medical, telecommunications, etc.) whereas cross-business domain data is



gathered from different companies with different operation areas. Previous studies that
focus on business-domain data also found out that within-business domain data are better
for developing estimation models on than cross-business domain data [14]. In another
study that focuses on data homogeneity, the hypothesis of more homogenous analogues for
a project produce a more reliable cost estimate was tested. As a result, a large variation in

reliability was observed between high and low homogeneity level projects [15].

In contrast to previous studies, in this research, we treat data homogeneity from
application domain point of view. By application domain we mean domains such as
embedded, real-time, desktop application, etc. and we focus on embedded domain in this
research. Our aim is to find out what type of data should be preferred for embedded
software cost estimation. In addition, we aim to find out how much training data should be

used for the estimation process.

There are some reasons that play important role for choosing embedded software
domain to focus on in our research. In the last decade, development of multimedia and
wireless applications on mobile devices cause an increase on attention for embedded
systems [16]. These systems were formerly implemented in hardwired uni-processor
architectures whereas they now contain programmable-multiprocessors which mean high
complexity and cost. As a natural consequence of this, main challenge in embedded
software development becomes the cost-effective implementations that meet performance,
functional, timing, and physical requirements. Previous research on embedded systems
mostly concentrates on power cost analysis [17-20]. There is not any study that specifically
focuses on the software development cost analysis of embedded systems. This is the main
reason why we have chosen embedded software domain as the application domain to focus

on.

As we have stated formerly, the second way to improve prediction accuracy in cost
estimation is to develop a better predictor. In literature, there are two types of studies that
focus on modeling a cost predictor: those produce point estimates and those produce
interval estimates. In point estimation, cost estimation is perceived as a regression problem
and a single value of effort is tried to be estimated. On the other hand, in interval

estimation, cost estimation is perceived partially as a classification problem and either the



confidence intervals for point estimates or the posterior probabilities of predefined effort
intervals is tried to be estimated. In literature, there are far more studies that produce point
estimates than those produce interval estimates and mostly used methods are regression,
various machine learning techniques, estimation by analogy, and neural networks [21-26].
For interval estimation, regression-based methods such as ordinal regression and

multinomial logistic regression have been used generally [27-32].

In practice, for project staffing and scheduling, managers generally use point
estimates [28]. However, they may easily make wrong decisions if they rely only on these
point estimates. In their study, Stamelos and Angelis states that producing interval
estimates is safer since it can be used for the prediction of the current project’s cost in
terms of the completed ones [30]. In addition, while bidding for a new project, an interval
estimate can be easily converted to a point estimate by evaluating the values that fall into

the same interval.

In this research, in order to build a better predictor, we propose an approach that is
based on interval estimation and handles cost estimation problem in a different manner. In
contrast to previous studies that use regression-based methods, our approach integrates
different methods from machine learning. In addition, we provide point estimation results

of our proposed approach for comparison purposes.

1.1. Motivation

The motivation of this research is two folds. Firstly, in order to understand cost data
better, we introduce a new aspect of data homogeneity, application domain, and investigate
what type of data to use for embedded software cost estimation. In addition, we investigate

the effect of training data size on the prediction performance.

Secondly, in order to model a better predictor, we develop a cost estimation model
by using interval estimation as a tool. The proposed approach integrates different machine
learning techniques and it is validated on various datasets. We also obtain point estimates

with different estimators in order to show the efficiency of our approach.



Our main contributions are to find out what kind of and how much training data
should be used for software cost estimation in embedded systems and to present a new cost

model which we think will yield higher accuracy than those proposed in literature.

1.2. Outline

Until this part, an introduction to cost estimation is made and the motivations of this
research are given. In the following chapter, Chapter 2, some background information

about embedded software and cost estimation techniques from literature are given.

The main problems that we search solutions for are stated in Chapter 3 and the

proposed solutions for each of them are given in Chapter 4.

The details of the methodology used, the machine learning methods applied, and the
experiments conducted are presented in Chapter 5. Also, some information about the
datasets and the performance measures that are used in the experiments is given in this

chapter.

In Chapter 6, the experimental results are given for each research question and are
compared with other studies. The results of the statistical analyses made are also given in

this chapter.

Finally, the main contributions made, the discussion of the results and future work

are given in Chapter 7.



2. BACKGROUND

2.1. Overview

This thesis is a combination of embedded software and cost estimation each of which
is a wide research area. Thus, some background information about either concept should be
given before presenting a new approach. Firstly, embedded software is explained in the
following section. Then, the cost estimation methods that are present in the literature are
given. From these methods, only the ones that are related to our research will be explained

in details.

2.2. Embedded Software

Embedded systems are the architectures that are designed to execute a particular
function while meeting performance, cost, size, weight, and power requirements [1]. These
systems are heterogeneous systems that consist of dedicated hardware (such as
programmable processors) and software which is called embedded software. Embedded
software’s principal role is to provide the interaction with the physical world. We can see

examples of embedded software on machines such as cars, airplanes, etc [4].

For embedded systems, there are three types of cost metrics: hardware cost metrics,
interface cost metrics, and software cost metrics [1, 2]. Hardware cost metrics include
hardware area and hardware execution time. Interface cost metrics include communication
time which is the cost of transporting data from one processing unit to another. Software

cost metrics include:

e Number of System Lines of Code (SLOC or LOC)
e Effort required for developing software (PM)
e Defects introduced per LOC

e Time required for repairing each software defect



In our proposed approach, we try to predict the effort metric by using the LOC
metric with high accuracy. The third and fourth metrics are used for defect prediction

which is out of the scope of our research.

Today, different system-level design and test methodologies are used for embedded

systems. These methodologies can be mainly categorized as [3]:

o Standard COTS (Commercial Off-The-Shelf)—minimum hardware cost. This
methodology tries to minimize only the hardware costs.

e COTS with cost modeling—minimum system cost. This methodology tries to
minimize both hardware and software costs while maximizing profits.

o Full custom—custom hardware and software. This approach aims to develop
custom hardware and software and is usually schedule and cost intensive.

o COTS with cost modeling and virtual prototyping. By using virtual prototyping,
this approach uses hardware and software models to facilitate integration and test.

e COTS with cost modeling, virtual prototyping, advanced top-down programming,
and reuse. This methodology is the most advanced one among all. It is likely to

achieve the best cost objectives.

Although standard COTS methodology has many disadvantages (such as use of
written requirements, long prototyping times, high design costs, and lack of systematic
reuse), it is the mostly used one among all for high-performance embedded systems. To
minimize overall system costs, it attempts to minimize only hardware costs forgetting an
important issue of software prototyping. In contrast, the fifth methodology is the best
approach that does not only guarantee successful software development but also state the
urgent need for developing accurate cost models. This research aims to meet this need and

find a specific solution for embedded software.

In literature, embedded systems are studied in terms of power cost analysis [17-20].
The first study on this subject introduces a new approach to model processors’ behaviors
based on Colored Petri Net and to estimate power consumption distribution [17]. Another
study describes the first systematic attempt to model power cost of embedded software is

given in [19]. It presents a power analysis technique that could help verifying if a design



meets its specified power constraints. In [18], a methodology and a software tool which
evaluates system development, fabrication, and testing costs were introduced. Lastly, Zotos
et al. introduce the notion of energy complexity of an algorithm for estimating the required
energy consumption [20]. To the best of our knowledge, there is not any study that focuses
on modeling/estimation of software development costs of embedded systems. In this paper,

our main aim is to fill in this gap from both data and model perspectives.

For estimating the cost of embedded software, in practice, parametric models like
COCOMO, REVIC and some commercial tools are used [34, 35, and 36]. Especially, the
embedded mode of COCOMO and REVIC are the most applicable tools for the software
costing of embedded systems [11, 33]. COCOMO uses nominal effort equations that are
derived from labor effort and related to the size of the software system. REVIC is US Air
Force’s embedded-mode REVised Intermediate Cocomo cost model. It includes many
functions such as those for calculating development effort, development time, annual
maintenance effort, multi-objective cost function, effort adjustment and utilization,
processors and memory capacity. However, these models are designed rather generic and

should be calibrated before used by other companies [13].

2.3. Software Cost Estimation

2.3.1. Motivation

The cost of software development is mostly due to human effort, so, software cost
estimation is defined as the process of predicting the effort required to develop a software
system [5]. The estimates are given in terms of person-months (PM) and used in various
phases in software development lifecycle such as budgeting, risk analysis, project

planning, and, software improvement investment analysis [12].

Research on cost estimation began in 1966 with the study presented in [6] which then
led to more robust models in the 1970s such as SLIM [7], Checkpoint [8], PRICE-S [9],
SEER [10], and COCOMO [11]. Since then, there have been two challenges that all the
researchers agree on. The first one is that as the software size and complexity grows, the

estimation accuracy decreases. The second one is that software development methods are



changing continuously and a single parametric model can not achieve high accuracies for
all software domains. In literature, a large number of research have been made on software

cost estimation each introducing a new method to overcome these challenges.

2.3.2. Cost Estimation Techniques

We can group cost estimation techniques into two main groups according to the
estimates they produce; those produce point estimates and those produce interval

estimates.

Existing cost estimation techniques that produce point estimates can be classified
into six categories which are model-based techniques, expertise-based techniques, learning
oriented techniques, dynamics-based techniques, regression-based techniques, and

composite techniques [12].

In model-based techniques, cost is estimated by using some specified parameters
and functions which are determined by theoretical and experimental analysis. In literature,
there are a number of cost models and mostly used ones are Putnam’s Software LIfe-cycle
Model (SLIM), Checkpoint, PRICE-S, ESTIMACS, SEER-SEM, COCOMO, and
COCOMO 1II [11, 12, 37]. As these models are calibrated based on past experience, their
main disadvantage is their unsuitability to unprecedented situations. Expertise-based
techniques are used when historical data is not available. In this method, project managers
are responsible for estimating the costs based on their previous experience and the
prevailing industry norms. Mostly used expertise-based techniques are the Delphi
technique and the Work Breakdown Structure [12]. However, these techniques have two
main disadvantages. The process can not be tested and it is difficult to find highly
experienced estimators for every new project. Learning oriented techniques include case
studies and neural networks [12]. In case studies, project planners try to learn heuristics by
extrapolation from past examples whereas in neural networks automated models are built
for this purpose. In contrast to previous techniques, dynamics-based techniques assume
that cost factors are dynamic rather than static over software development lifecycle and are
mostly based upon the system dynamics approach to modeling originated nearly forty

years ago [12]. In literature, regression-based techniques are the mostly used ones due to



their simplicity and wide acceptance. These techniques are used together with model-based
techniques and include ordinary least squares (OLS) and robust regression [12]. Each of
the techniques mentioned earlier has its own disadvantages. Thus, in order to have a better
estimation method, composite techniques are used by combining two or more techniques.
One of the most important composite techniques is the Bayesian approach which uses

Bayes’ theorem to produce the posterior distribution for the model parameters [12].

Cost estimation studies that produce interval estimates can be grouped into two
categories. The first group consists of studies those calculate confidence intervals for point
estimates and the second group includes studies those calculate the probabilities of
predefined intervals. In the first case, interval estimates are generated during the estimation
process whereas in the second case the intervals are predefined before the estimation

Pprocess.

In the first group, the first study that empirically evaluates effort prediction interval
models is [29]. It compares the effort prediction intervals derived from a bootstrap-based
model with the prediction intervals derived from regression-based effort estimation
models. But, there was a confusion of terms in that study and a critique is then made by
Jorgensen in [38] to clarify the ambiguity. In another study, an interval estimation method
based on expert judgment is proposed [32]. Some statistical simulation techniques to

calculate confidence intervals for project portfolios are also given in [30].

Two important studies for the second group are [28] in which ordinal regression is
used to model the probabilities of both effort and productivity intervals and [27] which
uses multinomial logistic regression for modeling productivity intervals. Both studies also
include point estimate results of the proposed models. Also, in [31], predefined intervals of
productivity are used in a Bayesian Belief Network to support expert opinion. An empirical
comparison of the models that produce point estimates and that produce predefined interval
estimates is given in [39]. A study that focuses on predefined interval uncertainty is given

in [38].
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Up to now, we wanted to give a general outline of existing cost estimation
techniques. From these techniques, only the ones that are used in our research will be

explained in details in the following subsections.

2.3.2.1. Model Based Techniques. The COCOMO (COnstructive COst Model, a.k.a.

COCOMO 81) cost and schedule estimation model was developed by Barry Boehm in
1981 for estimating effort and schedule of software projects [11, 40]. Effort is the number
of months one person would need to develop a given project and schedule is the actual
number of months needed for development by a properly staffed full-time development
team. The model parameters and formulas are constructed by the analysis of 63 aerospace

software projects that belongs to NASA [51].

In COCOMO), effort and schedule are highly related to the development difficulty of

the software. For this purpose, three software development modes are defined [41]:

e Organic mode is used for projects which are small in size and require little
innovation. The constraints upon development are not tight and development
environment is stable.

o Semi-detached mode is used for projects which has medium size and complexity. The
constraints upon development are mostly rigid, but, there is still some flexibility.

o FEmbedded mode is used for large projects with tightly defined hardware and software
constraints. They require great amount of innovation and complex

hardware/customer interfaces.

COCOMO consists of three simplicity levels which are Basic COCOMO,
Intermediate COCOMO, and Detailed COCOMO. Basic COCOMO is a static model that

estimates effort by using a single equation that takes project size as an input:

PM = Ax(Size)” (2.1)

no min al

where PM is the effort given in units of Person-Month, Size is the estimated number of
delivered thousands Lines Of Code (KLOC) for the project, and 4 and B are the

coefficients. Schedule is estimated by using the formula below:
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TIME, =Cx(PM)" (2.2)

dev

where PM is the effort calculated by using equation (2.1), 7IME is the schedule in months,
and C and D are the coefficients. For the three development modes, the values of the

coefficients are given in Table 2.1.

Table 2.1. Coefficients for Basic COCOMO and Intermediate COCOMO [41]

Basic COCOMO Intermediate COCOMO
Mode A | B C D A B
Organic 2411.05|25] 038 3.2 1.05
Semi-detached | 3.0 | 1.12 [ 2.5 | 0.35 3.0 1.12
Embedded 3.6 12025 032 2.8 1.20

Basic COCOMO is useful for rough estimates of software costs, however, it can not
adapt to the changes in requirements or project attributes. Thus, Intermediate COCOMO is
developed by taking into account not only the project size but also a set of cost drivers.
These drivers which also affect the development productivity are grouped into four

categories [40]:

e Product attributes are the constraints and requirements specified for the project to
be developed.

o Computer attributes are the limitations caused by the hardware and operating
system being used for the project.

e Personnel attributes are the skills that the development personnel have such as
professional ability, programming ability, experience with the development
environment and familiarity with the application domain.

e Project attributes are the conditions under which project is developed.

Each category includes three or four cost drivers (a.k.a. effort multipliers) each of
which is associated with a rating on a six-point scale such as very low, low, nominal, high,
very high, and extra high. Each rating has a corresponding real number based on the degree
to which the factor can influence productivity. The cost drivers which are 15 in total and

corresponding ratings are given in Table 2.2.
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Table 2.2. Cost drivers for COCOMO 81 [5]

Cost Description Rating
Factors Very | Low | Nominal | High | Very | Extra
low high | high
Product Attributes
RELY | required software reliability | 0.75 | 0.88 1.00 1.15 | 1.40 -
DATA | database size - 0.94 1.00 1.08 | 1.16 -
CPLX | product complexity 0.70 | 0.85 1.00 1.15 | 1.30 | 1.65
Computer Attributes
TIME | execution time constraint - - 1.00 1.11 | 1.30 | 1.66
TURN | computer turnaround time - 0.87 1.00 1.07 | 1.15 -
STOR | main storage constraint - - 1.00 1.06 | 1.21 -
VIRT virtual machine volatility - 0.87 1.00 1.15 | 1.30 -
Personnel Attributes
ACAP | analyst capability 1.46 | 1.19 1.00 0.86 | 0.71 -
AEXP | applications experience 1.29 | 1.13 1.00 0.91 | 0.82 -
PCAP | programmer capability 1.42. | 1.17 1.00 0.86 | 0.70 -
VEXP | virtual machine experience | 1.21 | 1.10 1.00 0.90 - -
LEXP | language experience 1.14 | 1.07 1.00 0.95 - -
Project Attributes
TOOL | use of software tools 1.24 | 1.10 1.00 091 | 0.83 -
SCED | development schedule 1.23 | 1.08 1.00 1.04 | 1.10 -
MODP | modern programming 1.24. | 1.10 1.00 0.91 | 0.82 -

These cost drivers are also used while calculating the estimated effort and schedule

in Intermediate COCOMO:

15
PM ., = Ax(Size)® x[ | EM, (2.3)

i=1

total

where PM,,,; 1s the effort given in units of Person-Month, Size is the estimated number of
delivered thousands Lines Of Code (KLOC) for the project, 4 and B are the coefficients,
and EM; is the numerical value of the rating of the i" effort multiplier. For the three
development modes, the values of the coefficients are given in Table 2.1. Schedule is
estimated by using the effort calculated in formula (2.3) in the equation (2.2) with the same

coefficient values.
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Detailed COCOMO includes all characteristics of the Intermediate COCOMO with
an assessment of the cost drivers’ effect on each step (analysis, design, etc.) of the software

development process.

As the software development technology moved from mainframe and batch
processing to desktop applications and object oriented approaches, COCOMO became
insufficient and COCOMO 1II was published in the Annals of Software Engineering in
1995 [37, 40]. COCOMO II does not explicitly partition projects by development modes
(organic, semidetached, and embedded) as in COCOMO 81. Instead, it uses five scale
factors which are selected based on the rationale that they are a significant source of
exponential variation on a project’s effort or productivity variation. The scale factors and

corresponding values for ratings are shown in Table 2.3.

Table 2.3. Scale factors for COCOMO II [40]

Scale Description Rating
Factors Very | Low | Nominal | High | Very | Extra
low high | high
PREC | precedentedness 4.05 | 3.24 2.43 1.62 | 0.81 | 0.00
FLEX | development flexibility 6.07 | 4.86 3.64 243 | 1.21 | 0.00
RESL | architecture/risk resolution | 4.22 | 3.38 2.53 1.69 | 0.84 | 0.00
TEAM | team cohesion 4.94 | 3.95 2.97 1.98 | 0.99 | 0.00
PMAT | process maturity 4.54 | 3.64 2.73 1.82 | 0.91 | 0.00

COCOMO 1II has three different sub models which are namely Application
Composition, Early Design and Post-Architecture. The Application Composition model is
used to estimate effort and schedule on systems that use modern computer aided tools for
rapid integration of the application components. Typical examples of these systems are
graphic user interface (GUI) builders, database or object managers, middleware for
distributed processing or transaction processing, etc [12]. The model is based on Object
Points which are a count of the screens, reports and third-generation-language modules
developed in the application, each weighted by a three-level (simple, medium, difficult)

complexity factor [42]. The equation for estimating effort is:
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v = VOP (2.4)
PROD

where PM is the effort given in units of Person-Month, NOP is the New Object Points
determined, and PROD is a productivity rate estimated from an average of developer’s

experience and Integrated Computer Aided Software Environment (ICASE) maturity [40].

The Early Design model is used to make prior estimates of cost and duration before
the entire architecture of the project is not determined. It uses 7 cost drivers (a.k.a effort
multipliers) and new equations in which sizing metric is thousand lines of code (KSLOC)
converted from unadjusted function points [43, 44]. The cost drivers are obtained by
combining the Post-Architecture model cost drivers from Table 2.4 and are personnel
capability (PERS), product reliability and complexity (RCPX), required reuse (RUSE),
platform difficulty (PDIF), personnel experience (PREX), facilities (FCIL), and schedule
(SCED). More details on these drivers can be found in [40]. The effort equation for Early

Design model is given below:

;
PM = Ax[Size'|’ x| EM, + PM, (2.5)

i=1

where PM is the effort given in units of Person-Month, PM), is the maintenance effort, Size
is the estimated number of delivered thousands Lines Of Code (KLOC) for the project, 4
and B are the coefficients, and EM; is the numerical value of the rating of the i" effort

multiplier. Detailed information about how to calculate these parameters can be found in

[40].

The Post-Architecture model is a detailed extension of the Early-Design model as it
involves estimates for the entire development life-cycle. It has been calibrated to a
database of 161 projects collected from commercial, aerospace, government and non-profit
organizations. It is used when the software life-cycle architecture has been developed and
detailed information about the project is available. The model uses source lines of code as
the sizing measure and includes 17 effort multipliers which are grouped into four

categories (product factors, platform factors, personnel factors, project factors) as shown in
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Table 2.4. These four categories are parallel to those of COCOMO 81. Also, most of the
effort multipliers are similar to those of COCOMO 81 except the removed and added ones.
DOCU, RUSE, PVOL, PEXP, LTEX, PCON, SITE are the new multipliers in COCOMO II
and VIRT, TURN, VEXP, LEXP, MODP are the multipliers removed from COCOMO 81.
The ratings for those multipliers retained in COCOMO II were changed in order to reflect

more up-to-date calibrations.

Table 2.4. Cost drivers for COCOMO 11 [40]

Cost Description Rating
Factors Very | Low | Nominal | High | Very | Extra
low high | high
Product Attributes
RELY | required software reliability | 0.75 | 0.88 1.00 1.15 | 1.39 -
DATA | database size - 0.93 1.00 1.09 | 1.19 -
CPLX | product complexity 0.75 | 0.88 1.00 1.15 | 1.30 | 1.66
RUSE | required reusability - 0.91 1.00 1.14 | 1.29 | 1.49

DOCU documentation match to 0.89 | 0.95 1.00 1.06 | 1.13 -
lifecyle needs

Platform Attributes
TIME | execution time constraint - - 1.00 I.11 | 1.31 | 1.67
STOR | main storage constraint - - 1.00 1.06 | 1.21 | 1.57
PVOL | platform volatility - 0.87 1.00 1.15 | 1.30 -

Personnel Attributes
ACAP | analyst capability 1.50 | 1.22 1.00 0.83 | 0.67 -
PCAP | programmer capability 1.37 | 1.16 1.00 0.87 | 0.74 -
PCON | personnel continuity 1.24 | 1.10 1.00 0.92 | 0.84 -
AEXP | applications experience 1.22 | 1.10 1.00 0.89 | 0.81 -
PEXP | platform experience 1.25 | 1.12 1.00 0.88 | 0.81 -
LTEX language and tool 1.22 | 1.10 1.00 091 | 0.84 -

experience
Project Attributes

TOOL | use of software tools 1.24 | 1.12 1.00 0.86 | 0.72 -
SITE multisite development 1.25 | 1.10 1.00 0.92 | 0.84 | 0.78
SCED | required development 1.29 | 1.10 1.00 1.00 | 1.00 -

schedule
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The equation for estimating effort is the same as (2.5) except that i changes from 7/ to /7
since we have 17 multipliers [40]. For schedule estimation, in COCOMO I, the same

equation is used for all three models:

CED%

5
Scedule = [A X PM(0'33+0'2X(3_1'01))]X § 100 and B=1.01+ OOIZ SF] (26)

=

where PM is the estimated effort given in units of Person-Month, 4 is the constant
(provisionally set to 3.0), SCED is the compression/expansion percentage in the SCED
effort multiplier, are the coefficients, and SF; is the numerical value of the rating of the j’h

scale factor.

2.3.2.2. Learning Oriented Techniques. As mentioned earlier, learning oriented techniques

include case studies (a.k.a. analogy based estimation) and neural networks [12].

In case studies, past projects’ information are used for the estimation process of the
new projects. By extrapolating from the past projects’ attributes, project managers estimate
the cost of the current projects. For this purpose, during the development phase of previous
projects, all the information about the environmental conditions and constraints, the
decisions made, and the results obtained must be kept. Projects managers use this
information and find out the projects whose attributes are similar to the new projects’. The
underlying assumption is that similar projects have similar attributes, and also, similar
costs. Thus, the source of the past projects plays an important role. If available, the projects
should be chosen inside the organization as they are likely to be more similar to the
organization’s future projects. If there is not enough project data, other organizations’ data

can also be used as long as they are well-documented [12].

In one of the previous studies [48], it is shown that analogy-based cost estimation
outperforms traditional algorithmic methods. The study also describes an automated tool
(known as ANGEL) in order to estimate the effort of a new project. The tool supports the
collection, storage and identification of the projects that are most similar to the new one. A
disadvantage of estimation by analogy is that it requires a considerable amount of

computation.
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Neural networks is the mostly used cost estimation technique after regression [49].
Neural networks are algorithmic structures that can be trained by using the historical data.
According to the differences between actual and estimated values, they can adjust their
parameter values to reduce the total error. The network has a number of parameters to be
specified: the number of layers of neurons, the number of neurons within each layer, the
functions between the nodes and the specific training algorithm to be used. After the
network is built, it must be trained by using the data of past projects with their actual cost
values. When the total error is small enough, training can be stopped and new projects’
data can be fed into the network to estimate their corresponding cost values. Here, the
specification of error value is important, because, if it is chosen a too small, the network is

over trained; else, the network is not trained enough.

2.3.2.3. Regression Based Techniques. Previous work on software cost estimation mostly

produces point estimates by using regression methods [21, 22]. According to Boehm [12],
the two most popular regression methods are ordinary least square regression (OLS) and

robust regression.

Ordinary least square regression [21] is a general linear model that uses least
squares. The model parameters are calculated by minimizing the least squares error which
is the difference between the desired output and the predicted output. Thus, all inputs have

an equivalent influence on the output. According to [12], OLS is ideal when:

e alot of data are available

e no data items are missing

e there are no outliers

e the predictor variables are not correlated

e the predictor variables have an easy interpretation when used in the model

e the regressors are either all continuous or all discrete variables

Robust regression [22] is the improved version of OLS. It overcomes the problem of
outliers observed in cost data. Outliers may be caused by the extreme values when the
projects are very different from each other. There are many techniques that can be

considered as robust regression. The first one is a technique based on the Least Median
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Squares method. The second one is a technique that automatically gets rid of outliers and
can be used only when there is a sufficient number of input data. Most of the existing
parametric cost models mentioned before (COCOMO II, SLIM, Checkpoint etc.) use

regression based techniques because they are simple but effective [12].
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3. PROBLEM STATEMENT

Since software development has become an important part of the product
development lifecycle, the costs occur during the development phase have also become
serious matters for companies to think about. Effort is one of these costs which have to be
estimated carefully as it directly affects the acceptance of new software projects. Today, in
software industry, the commonly used effort estimation method is expert judgment in
which experts make estimations based on their past experiences and capabilities. However,
this method is generally unable to produce reliable estimates because new projects are
rarely the same as the old ones. In addition, the hardware and software tools, the staff, and
the techniques being used change very fast. Thus, instead of expert judgment, scientific
methods that produce accurate and robust estimates should be used for software cost

estimation.

As we have stated before, in software cost estimation, prediction accuracy can be
improved by two ways. The first one is to understand data better and the second one is to
develop a better predictor. In literature, there are various studies that focus on either
subject. For the first subject, latest studies investigate the relationship between the
homogeneity of cost data and the prediction accuracy. Nearly all of them conclude that as
the homogeneity increases, the prediction accuracy also increases. In this research, we
bring a new perspective to data homogeneity and focus on application domain. The domain
on which a software project is developed plays a very important role as it affects the whole
software development lifecycle. Especially, embedded domain is promising in today’s
world where embedded systems are so popular. Thus, we focus on embedded software
domain and investigate what type of data should be used for embedded software cost
estimation. Also, we try to find out how much training data should be used for the

estimation process.

For the second subject of building better predictors, there are a large number of
studies in literature and each one introduces a new method for predicting software
development effort. Mostly methods from statistics and machine learning areas are used in

these studies. However, there is not yet a single parametric model that can achieve high
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accuracies for all software domains. Thus, in this research, we aim to develop a cost

estimation model for embedded software domain in order to obtain high accuracy.

In this context, we have the following research questions:

RQI1. How can we understand the embedded software data better?
a) What type of training data should we use for embedded software cost
estimation?
b) How much training data should we use for embedded software cost
estimation?

RQ2. How can we develop a better predictor for embedded software cost estimation?
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4. PROPOSED SOLUTION

In this research, two new approaches are developed to solve the research questions
given previously. For the first research question (RQ1), in order to understand embedded
software data better, we introduce the concepts of within-application domain data and
cross-application domain data. Within-application domain data is gathered from different
companies that operate on the same application domain (which we chose as embedded
domain in this research) whereas cross-application domain data is gathered from different
companies from different application domains. We propose an approach for RQ1 (given in
Figure 4.1) that compares different machine learning methods that are trained on within-
application domain data with those trained on cross-application domain data in order to
find out what type of data to use for embedded software cost estimation. We call this
approach as WoCAD (Within or Cross Application Domain) in the rest of the thesis. These
methods are linear regression (LR), kernel smoother (KS), support vector regression
(SVR), multi-layer perceptron (MLP), k-nearest neighbors (K-NN), and voting which will
be explained in details in Chapter 5.2.2.

Training Data

Parameters

Validation Data

Estimated Efforts

Figure 4.1. WoCAD model for RQ1
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In WoCAD, firstly, five of the methods are trained on the training data to learn the
model parameters and validated on the validation data to estimate the effort values for each
validation sample. Secondly, the results of these methods are combined with voting
algorithm to produce one more effort estimate. Also, in order to find out how much data
should be used as training data in the estimation process, the same model in Figure 4.1 is
used with training data either containing all samples or a subset of samples. This process

will be explained in Chapter 5.3.1 in details.

In this research, for the second research question (RQ2), we aim to develop a cost
model for embedded software by converting cost estimation into a pure classification
problem [71, 73, and 74]. We call this model as COCLAM (COst CLAssification Model)
in the rest of the thesis. Up to now, cost estimation has been perceived as a regression
problem and most of the studies produce point estimates. Although there are a few studies
that produce interval estimates and convert cost estimation partially into a classification
problem, it cannot be said that cost estimation is fully converted into a classification
problem. Our approach integrates classification methods with cluster analysis and contains

three main steps which are [71]:

1. grouping similar projects together by cluster analysis
2. determining the effort intervals for each cluster and specifying the effort classes

3. classifying new projects into one of the effort classes by classification methods

In step (1), Leader Cluster algorithm is used in order to determine the clusters and
cluster means. Here, each cluster corresponds to a group of software projects that have
similar attributes. In step (2), in order to calculate the effort intervals that correspond to
each cluster, firstly, the minimum and maximum of the efforts of the projects that reside in
the same cluster are found. Secondly, these minimum and maximum values are chosen as
the upper and lower bounds of the interval that will represent that cluster. Finally, each
cluster is given a class label (such as 1, 2 ...) which will be used to classify the new
projects into. In step (3), a new project’s class is estimated by using the class-labeled data
generated in the previous step. The resulting class shows the effort interval that contains
the new project’s effort value. Three different classification algorithms are used for this

step; one is parametric (Linear Discrimination) and the others are non-parametric (K-
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Nearest Neighbor and Decision Tree). These three algorithms are chosen to show how our
approach performs with the algorithms of different complexities. Linear Discrimination is
the simplest one whereas Decision Tree is the most complex one. K-Nearest Neighbor has
a moderate complexity depending on the training set size. These clustering and

classification methods will be explained in Chapter 5.2.3 in details.
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Figure 4.2. COCLAM model for RQ2

Our proposed model for effort classification is given in Figure 4.2. Firstly, in order to

extract relevant features, Principal Component Analysis (PCA) is applied to whole input
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data except the Effort value [45]. Secondly, clustering algorithm is applied to the
normalized data to obtain project groups. Thirdly, each cluster is assigned a class label and
the effort intervals for each of them are determined. Then, the effort data containing
projects with corresponding class labels is given to each of the classification algorithms
mentioned above. Since there are not separate training and validation sets, the
classification process is done in a 10x10 cross-validation loop. In the cross-validation loop,
data is 10 times shuffled into random order and then divided into 10 bins. Training set is
built from nine of the bins, and the remaining bin is used as validation set. Classification
algorithms are firstly trained on the training set and then validated on the validation set.
Additionally, just after the classification step, point estimates are calculated for each
classification method in order to use for comparison with the results obtained in WoCAD.
For this process, the six estimators used in WoCAD (linear regression, kernel smoother,
support vector regression, multi-layer perceptron, k-nearest neighbors, and voting) are
applied to the projects that belong to the class that is found by the classification algorithms
[73].
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5. METHODOLOGY

5.1. Dataset Description

In this research, datasets from three main sources are used. These sources are
PROMISE Data Repository, Bogazici University Software Engineering Research
Laboratory repository (SoftLab), and International Software Benchmarking Standards
Group (ISBSG) repository.

Our first data source, PROMISE Data Repository, is a public repository that contains
data about software projects from NASA and different universities located in United States
[51]. These data are collected by the software engineering researchers from all round the
world and have been used in a large number of studies. The repository holds data in five
main areas which are namely defect prediction, effort prediction, model-based software
engineering, text mining, and general. The number of datasets increases as the new ones
are added from day to day. For cost estimation, there are currently ten datasets most of
which are collected based on either COCOMO I or COCOMO 1II cost estimation models

mentioned in Chapter 2.

For COCOMO-based datasets, there are 15 nominal attributes, one numerical
attribute, and a target attribute which is the effort value in person-month. The other
numerical attribute is the size of the project in source lines of code (LOC) unit. Remaining
15 attributes are the COCOMO I cost drivers described in Chapter 2 (RELY, DATA, CPLX,
TIME, STOR, VIRT, TURN, ACAP, AEXP, PCAP, VEXP, LEXP, MODP, TOOL, LEXP).
For COCOMO II-based datasets, there are 22 nominal attributes, one numerical size
attribute (LOC), and the target effort attribute as in COCOMO 1. 17 of the nominal
attributes are the effort multipliers (RELY, DATA, CPLX, RUSE, DOCU, TIME, STOR,
PVOL, ACAP, AEXP, PCAP, PEXP, LTEX, PCON, TOOL, SCED, SITE) and the
remaining 5 nominal attributes are the scale factors (PREC, FLEX, RESL, TEAM, PMAT)
defined in Chapter 2.

Our second data source, Bogazici University Software Engineering Research
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Laboratory repository (SoftLab), contains data about software projects that belongs to
various companies in Turkey [50]. These data are collected by the master students of
computer engineering department of Bogazici University for their Software Quality
Modeling course. While collecting the data, COCOMO II Data Collection Questionnaire
that was prepared by Barry Boehm is used [53]. The questionnaire collects information at
both project and component levels. In the project level, application type and development
activity information are col