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Abstract

Software Development is a crucial activity and a high cost one in any type of
organization which has different context. Software cost estimation is a process to
forecast effort needed for any software development. There are two main approaches
in software cost estimation. The first one is Parametric Models and the second one is
Machine Learning Models. For the last 30 years, there is a great number of researches
that try to come-up with a more and more efficient method. In this research report, we
have proposed “Ensemble Neural Network” as an alternative approach to estimate
software cost. The proposed method will help to deal with factors on human resource
skill, team work, skill matching and those automatic adjustments that Parametric

Methods seem to have some difficulty.

In estimating software cost, there are three steps: 1. Measuring software size; in
terms of code size metrics or functionality metrics 2. Forecasting effort need; in terms of
time needed for each staff in performing their tasks and 3. Estimating software cost; in
terms of amount of money. According to these steps, we proposed an alternative
approach that will select more proper features in steps one and two. So that the

software cost estimation in step no. 3 will be improved.
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Meta-Classifier
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Classifier 1 Classifier 2 Classifier 3
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A b= 27 a Lol lﬂ'
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Model Calibration laenisldf linear regression fanuufinaiudsfunaviun
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Aron (Aron, 1969) fluy Wolverton (Wolverton, 1974) uag fuuu Boeing
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UBNIINUUIAYBIONALITENT Cost Factors Ussuandus danguaes Cost Factors
Mfuedranteunsasgnisusuas1dlag Boehm et al. Tufuuy COCOMO Il (Boehm et
al. ,1996) cost factors wiahduseenidu 4 vl e Yasemnadundniuet (Product
factors) Yadeanadinunsuiiines (Computer factors) Uasdearusia (Personal factors) uaz

Uadgmanulasenig (Project factors)

2.3 N15NUNINITTURNSSH/FAISHUIATILA-Y a9

B. Tiimula Rao (Rao, 2009) uazAmiz uUnauasuidudes A Novel Neural

Network Approach for Software Cost Estimation Using Functional Link Artificial Neural

[
aw o

Network (FLANN) Tagluswidediunauessuulasstradssamiiisndmdunisweinsal
;gaﬁwawaﬂﬁms‘%ﬁwaaammm%’u%’au“lumiﬁ'lu’;mLLasmmmwmﬂizﬁgaﬂ'wawﬁLL’Ji‘LLUU
saulalld aalmenssuvaddaseigszamieniiviauslunuisediduwuuiliifudey
(Hidden Layer) nszuaunmsaeuaslililduuuunsfoundunuvanysal Aasuildluns
Wisuifisuresnisaeuszldaritliannisussuingadmenduasdieid  CoCOMO
(Constructive Cost Model) mnuan1smaasanudn 33nsivauslinanisvaaoeiti]
UsgAvSamgeniniBnslassiieussanmiteudialy

N. Tadayon (Tadayon, 2005) tianeauisedes Neural Network Approach for
Software Cost Estimation legldszuulasstreyssamiisunuuiodiwunsounanatu
(Multi Layer Perceptron) #afituseulsinnnimieiy Tneldnsinautasnsaeuildan
% cocomo msuFuanimitnvedlasidieUssamiiionasldis  Gradient Descent

Learning Rule

o

K. Vinay Kumar uwasame (Kumar, 2008) UduedIuddeises  Software
Development Cost Estimation using Wavelet Neural Networks $133eiinauenis
Uszgndly Wavelet Neural Networks dmiumswennsalyasivesduas Ine K. Vinay
Kumar utsmsvinsuseniduaasduneuluglq fe 1) msléfeitu Morlet uag fafdiund
uiadtudmiumannaesuaz 2)  dnauetuneudsdwiuniswdiThreshold 4
aunsngauiuladmsunisasuues Wavelet Neural Networks (TAWNN) 31nwan1sine
Wiguliigunasendna WNN AU38 MLP, RBF, MLR, DENFIS waz SYM wu31 WNN fitiaue

v { 1 =Y A L} } 2874 t 24
Tinan1svaaasinniuidismsnna 1 lieesu
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Y. Kultur waz Az (Kultur, 2009) YiaussuideiSes Ensemble of Neural
Networks with Associative Memory (ENNA) for Estimating Software Development
Costs lumAdetiinausiznseuiuvusaulaeldinaiia Associative Memory dwdunns
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senillun  ga udnhdeyaiidenunliirgnszuiuninfouideasld Mut  Layer
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NAMINSUEUNITVIRaesitldeenuuuliluund 3 Auandugudl 3-1 uasauedive
lmﬂus'gmaummmumauammmu’lun'ﬁwmﬂimiwmvzﬁJWmmeaq NASA Taede Haﬁ'
sammmmﬂuwaua 16 iRl Swuu 93 n Tngagvinmeassanun (lsdfinsduidon
maua) waglumsvnassiunauiey swledayasaniiiy 3 ngueey muyaA193weIeniLg
tu @a NAsA nuald) u,a'mmwwivmmimwannﬁmalsﬂﬂsw}aﬂsumwmamruu
wwidoundu deil 5 Taseadreiuandnaty @ A 16x32x1, 16x64x1, 16x32x16x1,
163232x1,  uaz 16x400x1,  lagdmusnisilimeddmiunisiouivedlasiadr
w1 5 Tassadramdlauy deil

LearningRate=0.4

Momentum=0.2

TrainingTime=50000

Epsilon = Depends on Number of patterns

Training/Testing = 100%

Activation functions (Sigmoid function) = 1 /(1 + exp(-x))

4.1 uantsnansaisratganmuas

A15799 4-1 dlausArauAaadeuiiinannsnensals msansLa s au
TassaseiidmunlSludountiil nnMvaaemund Msuusteyasenifuyadesiinanis
vaasdluntswensaifimsini (agefifodAny) uaznan1snensaifinnugndesganinile
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< ' P a 3 3
I 4-1 mAueaInlAdauENYsal (MAE) 989nswensalsnnigendug

BPNN Network

MAE (Mean Absolute Error)

Structures Yadoyadosd 1 Yadoyatenil 2 Yadayadasil 3
P1-P31 P32 - P77 P78 - P93
16x32x1 1.4363e+003 9.3266e+005 1.1068e+295
16 x64x1 1.5394e+003 9.3202e+005 2.5650e+007
16 x32x16x 1 1.4240e+003 9.5665e+005 2.5650e+007
16 x32x32x1 1.5922e+003 9.3202e+005 2.5650e+007
16 x400x 1 2.0308e+003 1.4391e+004 2.5650e+007
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