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Software cost estimation plays a critical role in software project
management, as inaccurate predictions can lead to budget overruns,
resource shortages, or project failure. Over the years, several
approaches have been proposed to improve estimation accuracy, with
machine learning and data mining techniques attracting significant
attention. Among these, the Multi-Layer Perceptron (MLP) neural
network is widely applied due to its ability to capture complex
nonlinear relationships. However, the predictive performance of MLP
is highly sensitive to hyperparameter settings, making proper
optimization essential. This study employs the Grid Search technique
to optimize MLP hyperparameters for software cost estimation.
Experiments were conducted on six benchmark datasets frequently
used in this domain: Desharnais, Maxwell, Kemerer, Albrecht,
COCOMO81, and COCONASA. Performance was evaluated using three
well-established metrics: MMRE (Mean Magnitude of Relative Error),
PRED(0.25), and EF (Error Function). The results demonstrate that
Grid Search-based optimization significantly improves MLP
performance, reducing MMRE while increasing PRED(0.25) and EF
across all datasets. These findings highlight the importance of
systematic hyperparameter tuning in enhancing model accuracy and
reliability, and they confirm the potential of optimized MLP models for
practical software cost estimation tasks.
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EXTENDED ABSTRACT

Introduction

Accurate software cost estimation (SCE) is one of the most critical challenges in software
engineering and project management. Reliable cost prediction allows managers to allocate
resources effectively, schedule tasks realistically, and ensure that projects are delivered
within budget. Conversely, poor estimation can result in cost overruns, project delays, or
even total failure. Over the past decades, several approaches have been introduced for SCE,
ranging from traditional algorithmic models such as COCOMO and SLIM, to expert-based
assessments and, more recently, machine learning (ML) and data mining techniques.

Among ML methods, neural networks have proven effective due to their capacity for
nonlinear modeling and pattern learning. Specifically, the Multi-Layer Perceptron (MLP) has
been extensively applied for regression tasks, including effort and cost prediction. MLP’s
flexibility in learning complex mappings between input attributes (e.g., software size,
complexity, and productivity factors) and project effort makes it particularly valuable.
However, one major limitation is its sensitivity to hyperparameters, such as the number of
layers, neurons, learning rate, activation functions, and batch size. Inappropriate parameter
settings may lead to overfitting, underfitting, or slow convergence.

To address this limitation, the present study investigates the use of Grid Search, a
systematic and exhaustive hyperparameter optimization technique, to enhance MLP
performance in software cost estimation. The research aims to answer the following key
question: Can Grid Search-based tuning significantly improve the accuracy and reliability of
MLP models across multiple software cost datasets?

Methodology
The research methodology consists of four major stages: data preprocessing, model
construction, hyperparameter optimization, and performance evaluation.

1. Data Collection and Preprocessing
Six benchmark datasets widely used in software engineering cost estimation research
were employed: Desharnais, Maxwell, Kemerer, Albrecht, COCOM081, and COCONASA.
These datasets vary in project types, number of attributes, and effort measurement units,
offering a comprehensive testbed. Prior to modeling, each dataset underwent standard
preprocessing steps:
e Normalization: All numeric features were scaled to a [0,1] range to improve
convergence stability.
e  Missing Value Handling: Incomplete records were either removed or imputed
based on statistical distributions.
e  Outlier Detection: Extreme values were identified using the interquartile range
(IQR) method and addressed to prevent bias.

2. Model Construction
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The MLP model was implemented as a feedforward neural network trained via the
backpropagation algorithm. The architecture included one or two hidden layers, depending
on dataset complexity, and employed various activation functions such as ReLU, sigmoid,
and tanh. The output layer contained a single neuron with a linear activation function to
predict software effort.

3. Hyperparameter Optimization Using Grid Search
Grid Search was applied to systematically explore predefined combinations of
hyperparameters. Each combination was evaluated using k-fold cross-validation to ensure
robust and unbiased performance. The search space included:
e Number of hidden layers: 1-3
e Neurons per layer: 5-100
e Learningrate: 0.0001-0.1
e Batch size: 8-64
e  Activation functions: ReLU, tanh, sigmoid
e Epochs: 50-500
For each configuration, the MLP model was trained and evaluated. The best-performing
set of parameters was selected based on the lowest Mean Magnitude of Relative Error
(MMRE) and highest PRED (0.25) and Error Function (EF) values.

4. Evaluation Metrics
Model performance was assessed using three widely adopted metrics:

e MMRE (Mean Magnitude of Relative Error): Measures average relative
deviation between predicted and actual effort values.

o PRED (0.25): Represents the percentage of predictions within 25% of the actual
effort.

e EF (Error Function): A composite measure combining both accuracy and
reliability indicators.

c) Results and Discussion
The experiments revealed that hyperparameter optimization using Grid Search
significantly improved MLP performance across all six datasets.

1. Quantitative Improvements

e Desharnais Dataset: MMRE reduced from 0.87 (default MLP) to 0.38 (optimized
MLP), while PRED (0.25) increased from 32% to 61%.

o  Maxwell Dataset: MMRE decreased from 0.93 to 0.41, with EF scores improving
correspondingly.

e  AlbrechtDataset: PRED (0.25) rose from 25% to 54%, confirming the enhanced
reliability of predictions.

o COCONASA Dataset: The most notable improvement was observed, with MMRE
dropping from 5.18 to 1.18, indicating a substantial reduction in estimation
error.
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e Kemerer and COCOMO81 Datasets: Both showed moderate yet consistent
performance gains after tuning.

e  Overall, the average MMRE improvement across datasets was approximately
57%, while PRED (0.25) increased by an average of 23%, confirming the
effectiveness of the optimization strategy.

2. Comparative Analysis
The optimized MLP results were compared with those of traditional algorithmic models

(e.g, COCOMO) and previously published ML-based methods. The proposed approach
consistently achieved better accuracy, demonstrating that parameter tuning can be as
critical as model selection. Furthermore, the findings align with recent research emphasize
the need for data-driven calibration rather than relying on generic model configurations.

3. Discussion

Despite the strong performance improvements, Grid Search’s exhaustive nature entails
high computational costs, particularly when dealing with large datasets or wide parameter
ranges. Nevertheless, the method guarantees the identification of near-optimal
configurations within the predefined search space, making it suitable for small to medium-
scale SCE problems.

Another insight derived from the results is that the optimal hyperparameter
combinations varied across datasets, indicating that no universal configuration

d) Conclusions

This research highlights the significant impact of hyperparameter optimization on
improving the predictive accuracy of neural network-based software cost estimation
models. By integrating Grid Search with an MLP architecture, the study achieved remarkable
reductions in estimation error and improvements in consistency across multiple
benchmark datasets. Key conclusions include:

1. Systematic tuning enhances accuracy: Proper adjustment of MLP parameters
such as the number of neurons, the number of layers, and the learning rate
substantially improves cost estimation outcomes.

2. Generalizability across datasets: The optimized models demonstrated reliable
performance on diverse datasets, confirming the robustness of the approach.

3. Foundations for future work: The methodology provides a baseline for
exploring more advanced optimization methods such as Bayesian
Optimization, Genetic Algorithms, or Particle Swarm Optimization, which can
reduce computation time while maintaining accuracy.

88



CaBs I oo psle &

@l o 85N
YA-YY Y b)lm.:i ‘Yn)sa AEXZ4 UM)

https://jssc.tvu.ac.ir/ :4) wis (w3l

o 1:10.48301/jssc.2026.562170.1043

T Cubllbg 5 leopale

G2y JJMLP (6l ol )by po b @udili' b 13810 5 4ia 32 (52059 (6 jlwdiag

Grid Search

Y Souds Wbl M gl Lo

'Ulf‘ ‘U‘)’P(; “_J)LQ(OL;LOOKM.QL’ ‘)492.».0‘5 (WL bs)f -\
ol eolig )l (o oKl (guolS wdigs 09,5 -V

LRVLES

Ao WleWb!

I ol )lBley sloelgn Copan o cwlul L2& l8ley anie fuass

by dlis :llio £45

Sl (g by baanse (¥l cmlie 0505 4 e Wlgige Sesy 3l slao gl
Sloauds a3l )| yasd S0 Sgupe (sl (g0ane slo gy il sla Sl ;o 05 059
9> & |y lofg azsi slSels 5 edle (650l slapt s (ol ol > &5
Sibwdas o Uy S & MLP) a¥asz (95 (rae & alos S

VEFVITY tallie il
VE-Fana o 6 ,5550
VR AYE i iy

il el 0355 ol 5o 3l Sade 5| (S s 5 otz bl
ol o el aly b el ols colis madat 4 ud 4 &S cpl o Slee
Silwage slp (Grid Search) st gorgiaar (29, 5l (iesk
69, B iales i soliiul 53l 5 anze (paess jo MLP aSl gl ol b yula
Kemerer Maxwell Desharnais Jsls gy ool acgame i
byl sl w85 st COCONASA , COCOMOS81 Albrecht
oolazul EF 5 (¢ JYOPRED MMRE Jolss oasanz bl [lae 4w 3o Slos

1083l s
Mley diajn (oS

Oxdle (550

WY Gy sas 4w
ol (g5lodige

Grid Search

e Grid Search ;l oslinal b b 2alyl e (g3lwaings a5 ol (lis by o
59 EF 3 ,YOPRED sl lss S50 g MMRE o> axg5 LB als 4
o ol )l Solotns oot Coonl a8l (ol onl oo laools acgazme olad
SPley A e )8 dle (6,5 0L sla Jow slezel coilB g s il ys

Syl oSt

S Q38 ) ghamns B Naany 95"
1S S Cony

ktaghandiki@tvu.ac.ir

@ (i) &) | ©2024 the authors. Published by National University of Skill,
Tehran, Iran. This article is an open-access article distributed
under the terms and conditions of the Creative Commons

Attribution-Noncommercial 4.0 International (CC BY-NC License)

(https://creativecommons.org/licenses/by-nc/4.0/)

Yepe—£RAY 1 Suig pSdl bl



https://creativecommons.org/licenses/by-nc/4.0/
https://portal.issn.org/resource/ISSN/3060-6691
https://jssc.tvu.ac.ir/
https://orcid.org/0000-0002-3468-2981

S W BIS g Wgil s Lo YA- Y Y o)leds Vo9 N+ ybouo) ccadMs o 5 sl pole s pid

Aol

(i «odlad ol 5 el (6 )58l 5 (505 0 (Ammeg Wl B 5] goe (15 (SCE) ' Jf3dle 5 g4 3o (oS
Spdier Oype ojen S SRy o5 sal » Gl S Jraze So NS 5 g Gln 5l 950 san e
SCE 59,50 )55 & Jl38lp 5 ganwgs (0 (a8 Jolao (gl oS el o 158l 5 (g 30 (nass Mol
398 CuSl 4y pgSome I Lanlyl 5 039 0 Sl (w3005 D90 (Vb EE3 b slojgn £955 50 4zl
ly Qe bawgs a5 ol g, aloads &Ll 580 5 (gai 30 (asd gl Al glagbs, (sSB VAL Jle
3 Yolf)?‘ Sglad e (V) ¢ oaln, s8I (V) (slo g, diss du ;0 yles oo 1) Wilad 3 )13 ooliiwl 5,50 SCE
g s T alo (6,:50k slagby, » (e (1)

Dpdyse Dygo ) galaly JSG 4 glalaly Gelul 15810 5 (ga 50 (e« cay 5681 (sla g 5o

EFFORT=F(Xw IXYsXry. . ( (\ )

i 55305 055 diged b (GouiS 2T (sla TRy Sy L XV XYXT sla el ) salad, o
ol 3 esla e o 3l Sglite g s BB sl 2 Vgoms ciliiee oty o (slaJote p (s I (a3
oo (55355 05 o 03liid SCE iz Jsay ()] 5l 5 00 dlgep aseiin oy o8l Gobal 2 Joo a2,
@l slaJoe G 3l Joe op g ,me COCOMOE aise Jow ol oo | SCE (gl aliss oy 63l
Sarwg (5lyole 12 50 5L5 0,50 ol 8l olaws oyt (sl QT SlaS cwl slaly (o9, o cpl il goiy ;580 onls
(Joe opl SaS Lo @l ) ole o dnwgs loj 5l siest Sl 0B iz en Joe (pl 0ed o colaul o580 53
s o35 sloJas aSolml 51DV 05 e o 1y 138l 5 gamasgi 6 1 50 3L 9,50 (B (e o0
e 9 EICS (ogidaly Sl o (e lacd ey Wilgioed gycnl l wites (o8 slaodls
DT ates SbiL 58l 5 i 3e pummo cmass o 1, 3810 5

slmosls Ygars il o 1l sa3p et slagsis, 3l o3 st (S 53 Dol e slaits,
S sleoss )i....o:u Shoasme goslaiwl p gie el (8 1 gLl aizns s 85 wglad (gl enad
Selaglesle 1o o1, Kess jlas )0 FY oS cal o] Sl odel Cuvay gl ausl outs usiue Sl (Ko 45" ol
o o5l (g0l Slojlo S sl a5 Cel T o, 5l g5l Cuye [T] a8 e sl g,
A Cond (e B0 oS Sl 00l Sl 8 g0 3l Lo 10 9 99 aumles 5880 so ;5801 5,805, b dvslie ;o ey
1 of Cage oty ool gl et ilaie Lololyy 5 203 Yl (ymos ol g ool &l e Jos sl
P ool T 0 &5 (Sin b g Sl bl b 0,5 j0 Sl 285 L 5 o o e e oo
O 1 38l 5 g 3m Fmly (S8 b el (S 1500 (lejls j0 05 led g Wije e |y Al 30 010 S92

ot Gl Lol nl 5l s 058 oo ol (0208 slaoisn laodls I plagSl i iile 6,50k (sl ts,
Sl ol (M sy 9 mesS (6l eiile (6T 0l sl g, 5l ool sl (goayl oS o oolaiwl DS
TS wign o oy Slp QLD L sla S b a5 ais ook (s slaogn Joldh (o3 (B0l &S
Slagg, 5 il 5 eliee Loyl sodgn Slogidl Jald canl (Son caliie sla Sig b slaossy ilons
Sl g o0 o8 el 05 I 5 ol (e DLl g b Fhag yolie (e SIS slagSl (6 S0l creile 5500k

1 Software Cost Estimation
2 Expert Judgment Based

3 Machine Learning
4 Constructive Cost Model

14



YAIY Y o bl Yoy90 NFeF L) e 6l ol )yl pu by oudiid b 13800 5 aly 3 e (6 jlwadoe

ol (5250l (slasb) 3l sl lalis IS g laasito oSt [¥] a9 eolitl iz (slojsn LI ey
IV wladl, s g5 BB (lacds 4 5 00ges ol atie) ol jo silises

OlF e Wlos S g dngs (g1 a5 (plwojgp (50)lyd SVl (o b g (retle (6 53k 0509, L cnlple
wazg b LAl o vl 3 aas slaossn sl 1y 5L 090 (I e crest Sel 45T L s Joe 4
R Wl o el (5 T ol pdydllanil g el sla g, Sl esliiul (g l38la 5 (e 5d Ll pos S92
P9p sl (Qlly Jold s lags, jl g5 ol slacaye aal axdls (ress c8s (2l )0 ol
sloosls 5l 6,55b b ojgn slaShg 9 AW m Slbli )l 5l edzmy (Slegerme (135 Joo lp (Sllone
A RO PERS SPIINS

g5 qalio 5l GAIS S 38l 5 SO 5 Ay (oS soj o alis Yo F g0 L [10] wieplls saslllas
099 (LR Eadse Sl g Wloads ganai b Calitee alowe VF j0 OYlie oyl .casl ool )8 Ban 1) 00 55 g
S8 590 ol Az ISS laloads gaiazws oolaiul 5 jae (slosls g dalllas (aiio] ¢ ciB g 9SS ¢ oD
(g a6l griine aials b S daacogs pl et dlox 5l ool slaingh sl olbaros
ooy @l Sty » bGiagh 35 58 camalar 4 5l O g )0 cSiie Shlme 3 (i (9 ool
(a5 Slo gy 23 3 Bosks (sl Sig b 4 o5 425 5 3305

S8 5 s S S35 sl 553 )50 DB (Stn ey w218 SDEE LY l3dla 5 sanasgs (3306 (o0
3y A oS n po ) Ol Llgiise Al ol il (sanwg 3 ol (g b5 & |, SDEE e
O 38l sdnmgi sadgl Jlpe 10 L5 0590 (AN (30 e 05l Jladh 4y 3 3Bl (6 eSS gz il
oS oy 5 lamp m VA Jlo 5 DYT g bl 5 N 8o sage p 059 Cupde j3 cote
@l SDEE (saie) 10 (o35 slo gy 5l 65k cemsl 00l 5 13810 5 M (paad (gian 3o (subool Y g5
8 ool 050 ity (dle 6 Sol lagts; 5 plaasie Sl e (39, ol ol 51 oS Wloss
DN a5 18 4255 590 it cinn cnl 55 Guiile (625 3k 2 (e (Sloby, 2 Slalo 5o s S

Ole odezen Ly (s3luie (UG Jo 4 (seghan (orae ladSed (mile (5,5 0k slapty, oSl s 5o
WJio ool b odigdi oo guine ¥l 4030 GaeS (lp 00 Slaghy) Il (o (29 9 63909 Sl it
Gl o ¢ Jdo (gl el b bl Qo] sl b ol )b (gainge Ol 4y asly ol 4 o (ol o Slas
sloall silodinge o9y nl 3l amd o R (Sia i S8 Suled 0 45 998 (B3lneS b (A3l 4 ok
INYTAS o il 33005 (gt (a8 500 5o (goten G sme S 8 035 (ol (6,50

el Gl gz (rile (6553 sladoe sl el (saite pela sln hite slats; 5l S
Ohigel sl ool cilises (slacaS 5 b Jaa g o iy pai bl sl 5o polie jl ghaegazma by o
Ol 0 0gd oo Sl il ails bl sboybae Jai 5l o Slas (i a5 oS 5 olyd (o 08l se 00ls
Bas el 0 ool MLP e (saSis (sla il )l (saige oukss s Grid Search g, 5l g
st slaayy Slaws aile sl el enlie nelti b 153l 5 (6450 oty S e 283 350t 5 el Lo
IVE] el il b 5 (5 ,50b &5 Y o 0 by olass

eoly> SCE anee 10 4185 )50 slaiagh 5l (o5 j9,0 4 poo (i 5 ol allis aell )5 (ol al
5 salss all e tlel b o)l (oo 50 (s 0550 S (S0l U3 Py iR 0 S5y
b dalgs il (ST sla)lS oleiian g (6 S At 4 ooy i

" Software Development Effort Estimation

15



S W BIS g Wgil s Lo YA- Y Y o)leds Vo9 N+ ybouo) ccadMs o 5 sl pole s pid

WS S 1 (59,0

Stamgh I (e 50 Gele (65,53k sla e sl esliial (25 (3 Vb Baa b 23 la e o 4l L
GBS 3l g s cslin bl 10 plad 15 99250 (SlaJoke 5l IS o Lol ol 08 57 )18 azrgi 0550 iy 38l 5
Sl @YU plaebl CllilB a5 Juw sloul 44 swlel 3l cplple ais oo &l)1 ) gglae 2o (Koo Bls o
SCE (sae; 5 2283 & pp0 lilllae s (hgly (nl 19 45 55550 ool 05 0529wl 4l dyaz sloaiges
e Sl Jolts paile (6,05 0b v oSl dis et 95T 1A Jlo 3l el oas alonil [V ] ales )
0355 BNDE (5 sloats DY oo 2550 (ANNDY egims e (slaaSes (CBR) Vo 50
seis> 5> AR Sads 3158 (GP)Y S5 s giaoliy (GA) TSy 0,550 (SVR)® iy o
losges eolitl SCE (sl cyaile (650 slois, 51 55t (goaxie SYlie ailoas 18l solizul 5,50 SCE
Sloads pll o592 (nl j3 Ml piin Alte Glaghs, plxl sane) o &5 platagy ) Jel> @l
Iy AR ,V] ML:‘SA e CBO A sy g B &l}él 6&“‘) 3O Jes Q-.‘.‘ 009 Yo somoom

WlatSls JIle 5 430 (re3S 059> 50 0ud plnil sla g 90 4 ook O Kagn e ol 2 ogdle
Copldgo g danrgi o (SOl 50 8o g db3a 335 (e NS L 1 g Ceeal Sl LS (Sen oS
Dol cad sy

Gl g oo )l Jfi8le 5 anusgs (I g A (e Sla e 5 o, ) gelz (o) o [18] ey
e S5 Sy ey sl o wiibe sl gaisdios ;5 SCE s soliul 550 oSS 5 ba Joro callas
(38 Bhie » (e Sl by (ST Slaghy i Seelud (e slaue bl S 65Tk oy, 0 2
5 WS (oo SaS 0an] o Kidgh 4 galz 950 ol s (o (o5 5 SIS g ol (e (sla o
crl 4o (ol (olS @l 5l (o S Ty SCEGlizs sla by, 4 Comd ol 5 IS (g0 9oy aie S0 L
Pl slle 5 calie s (65,505, 1 e canlio Ll oled gl oleBar e b ST e 45
(Sleres A8 o Slgiing (ol Sty oIS (e 422,05 oo 18 il Cento o N2 8T i g 005 095
Ol 503 Joe sblie Lawg Joo So slacasgazme b o9 oolital (oo 5 (513 S0, 510 ,hte (g SG 4 1S5)
oo 45 | sl (6595 asglitie glodaoms 1o ool (gl b o (ygmmsl ysallS 4S5 00y 05T pniman 00 5
il sleiel BB wos aore j0 ol (Sew (o s SO 0 aBlbaswgs

Vi oo 4h & 0 )| 3l A (prasS gl abyie oS5 Jae o NNA] ragsy 0
Slos G5y (i yiams 0 Jde (il 0iS o oS 5 (PSO) )+ il )3 aloojl (g 5lusainge ps,6501 L 1,(CNN)
(o 0 3l g 3l on @l B 1) L el b pole 093 ol g oaney la S gl Sl oS et (b
Gub 3l 5005 ST CNN oo (gl 5 poasd Sl g 40 PSO jl oolicisl .alS oo bl y oeass (sl
S o et Q5 D50 4 (670l lais it oS5 slaasyT

! Case-Based Reasoning

2 Artificial Neural Networks

3 Decision Tree

4 Bayesian Networks

5 Support Vector Regression

¢ Genetic Algorithm

7 Genetic Programming

8 Association Rule

° Convolutional Neural Network
19 Particle Swarm Optimization

\id



YAIY Y o bl Yoy90 NFeF L) e 6l ol )yl pu by oudiid b 13800 5 aly 3 e (6 jlwadoe

ilos S soliziusl (6,5l 3 slas I 5l COCOMO N Joe 5 e 85 3gage sl [Vo] jo Satass
9 Oadld Sl a5 0R)sll Sy e g 00l 485 B Joe la il welas (sl (il it oSUl ol
0,5l 48 Al o L gt Gl 50 0dl a8l] sla Joe sy p gl Ll oads 5,20 DOIBaL pb 4 yolas-
el po il yo 1, 285 1 yigDOIBAL oS 5 oS0l Ll ol (L8 (sl by 4 S (6000 0 Shoe (1l
il oleel BB 1) I8l 5 a e pass Wl o g Sl 03,91 Cws 4 COCOMO 11 Jos

;3 COCOMO- asile Seadls” S el )b (slo b, Cudgamms p oS 5 35,505 L V] o Sl Saagy
b9y ol 5o iles S I (FPAY Va5 Sladlos 5 o 16501 5 iie (6 jlvdingr 9,509, <S5 dmosls 385 a3ls
S Wsd e mela 455 I35 o 5l Bls 5Bl 55, FPA (S5 L COCOMO-I Jows sl sl
5 Slos ¢ ilas o ;55 yizen g COCOMO- Lol Joo b duslin o o 5ol ol a5 s o L o i le]
Sl 0ols alS 1) past gllas g anils g i

(VO] asllas o Baiassi 058 o1 L35 SIS 5 059 CansSis caulin 8,308 4y oo Wl oo ol 891
SLadlos I w08l (e Wiz 3,509, Su i (oo )oN Nl 5 (et poIl slahg; Cudgace 4 Az g L
Joe LFPA s Shos 5 00 00l MMRE e « o) sl losls slyioy 38l 5 s jo peass sl 1, oS
@ S 5 BB 09ups FPA (golprins 3, a5 ol )l laioles] il 00385 auslae COCOMO 4l
5)sCOCOMO

S ol 53 2 (e oS 00 Il e e 58 B0 ol (sl sz iy, Y] Cnagy o
K-Means s 55l 5 osli b (153l 5 (slmoss s csloools ) .l i S Sl 5 Laools (gonaiiss
F oS5 bz Ojgon aligs 10 (Gl (rpw NpS 5 Al93 2 0 (Sen sladigel b dgd oo (sonady>
o3l b gy ol )3 £33 (gilwainty (o5 5 098 o0 Jlosl Fige Sy Sl sl (g 5 kS o)
gben plxl (b)) sleme S

Gl oo 0357 13 oS 5 Sl 5l soliial wil ou odls lis calitee sl gl > 45 slalen
a azgi ooy by, sl s (ol cand L 2al8 el wilgi oo 38l 5 a0 e alez 5l (pedle 50k
Grid ;; oo 63,5s, )l & Groghy (l oedle 650k ladae sloyally iloaigr 03855, el
Ol Shol Ban 53l o fidla i ase (oss 0 MLP (pme oSt slo il sale (st welats sl Search
lRo3s 5 S ke 4 (555 el (Sloayl B i) Cgzr 55 (A daiyze Sty 50 S 8 390 b 4 o
gd aidlsp wlie arnass o s)lBle

3wt (99
Cdgo aame & |2 el (6 )38l0 5 sloosgp o e Jolie cn sl 5 (o e 5 aie B8 eess
LS & epeS i 1) 5L 9590 4299 5 (Lo ealio (S yd A eilgy (89 S oo (s ) 039 0 S CnSS L
5 Sl 55 omlin s liiadgn (il ol oSl w355 a5, 5 S35 5 Aoy 28,00
2 > () les 05gy dnwg Al olildl (res 0ad oo @l 05g yrae POl (gl aBge 4 (555 pread
S yon slazel (128 Cess | Culad )3 5 Jpame CukS (2ol (g o 3 4y e Wl o« SzsS sloods
2 Slp D90 So Al A F o 4 A 530 990 (sl dine slabg g Lo ylnl (RIS (S ae 4 09

1 Flower Pollination Algorithm

17



S W BIS g Wgil s Lo YA- Y Y o)leds Vo9 N+ ybouo) ccadMs o 5 sl pole s pid

e Slirebl g ol L1 955 (slacig 9 wtl 339 )k CulB) o waly o oS ol 3Bl 5 ooims angs lesls
.oﬁ
Sglosls 5 (e (5 xS0l Sl 5 Lol cwiloads il ause (335 (e slp (BSe lasty, 095U
G50l ekl Jo Aoz (g5t (oras aSd oty oS0l ol Gl 53 oo Sl S5 4] ok ez g
S8des il (nl b 09t oo il 0 )15 slaoe 5l (S Glpredr (b e SlagSl (3l 5 onnzey L)
W3p (S L8 Sgntp jelkaieds (A (nl 5o el o el ol e AT 4 dlly Lad 4 Jae )
aYair gras dd ol o ol MLP (slo ol (saie mlss sl sl (s (39, 5115300 5
Ole oz bls; (oiludae lp Oleiy Y piz 545 Sl Baee 650k 50 05 ladas 5l (S
ailons LSas Lol 0¥ go a5l oasics ol [VY] S o sslitl ba 29 5 5 lacssg 9
g oo &S S)lg 4 nl 53 5yl 5 seden la T b esls igog g Y @
s ool I aggde sl g gl Fed 5 Sl (53l Jsio ba¥ ool il sloay o
Slodinge b o5 aited a0 gla el (e ST A 58 3 b9 Slani g laaY ol slaws
SAL3R (aedS Wlgion Ll jo 45 gl oo Al Joo Dlod i Y Gl 3 izgs 4Y e
sk ldle 5
AYY] el 55 Jolhe ol IS jobas MLP _cac aSiis (ijeel an]p @
5 Joe Gl s st Cnm Dol (5 S 03l Jgtae @b ol (LOSS Function) au e &b Glseil @
e gadly yolia
5 als Lol 3 asile slaps 6 (Optimization Algorithm) (s jloaisgs oo, Sl @
g oo ooliiwl A sl (5 5lwaings (sl Adam wile ] Calises gl
Ay jo 0 laiyg e laad daay¥ slass aiile ole el ) ¢ Joo S35 3guge (sl Joe sl ol b pudass @
gl (g ldinte b 6,53k 25
slaas ol giluangy sl sy (ryise S cme 0 5 cresle I (S Gl sy
(ool e 5 95 g0 iy 5 Joko sl el (sl gty (L S g, ol o YOV el tile 6,501,
dod Silatunn O j508 S (s o0 O le 4 g oo Galejl o el polis I (Sen slaceS 5
5o laygye sl o ase slaaY olawi (gl oS 5 e 5 00,5 (s ) Lo iell polie 5 (S slacS 5
o259l el cnl cillisee (SlacaS 5 (oolod b S (o S (0 S | (3l b &6 £95 5 5150k &5
e Olyie Bl Bl 1) ange @l Jlade (n S oS ool oS 5 0p e 09 s (b))l 5 S9tse o0l
Solw as Jhgy ) 8o g (Solo 9z o8 (60)l50 41 s (ISl (goza (gbilie 5l 05 o DLl e
sz slae )3 oaliinl bl (S (o (o2 |y (S (Sl (oled Selettanns by g Sl 2] LB
Sl Wl e (S1AS Gsrir i) peas B el ppiz 4 s (sloaSts wiile (glodzmey (sla o 1)
5l a5l GlaSid gamine Galusgaste o Jl> (pl b o ,S o Lil (aas plol astic 0,50 2 0 1) digs
nlie Jols goxitncr (lad a5 (B9 o gt bl oo slom Wlgi oo (29) (Rl Vb (Slonlne anyja @
DBk el e sl ol
SlaSed (Gorinar b olal b slagaine 5LaS 10185 Jlw sL2S ot ;5 25 pas o
A ) S 5 i Sl (S

A



YAIY Y o bl Yoy90 NFeF L) e 6l ol )yl pu by oudiid b 13800 5 aly 3 e (6 jlwadoe

ssbate 4 SlSLd (gortanr liJoe 283 )| g b el (s e Al 4l (sl ol ragl o
&lp pain etz Glad wosz )l ol )0 el oad eolitll MLP iae oSl (gl ol b ol (o 5ludings
235 e sile b @l g5 9 62Tk 5 Y oy by g S (Sl slaaY sl ez ale el b
losline oll 21y 3 Slos (i oS (Joo g 03T I3 (o0 890 Silettnn & j900 oS 5 (oolod s
W bl wls e @l S

Suge 5l b rd Ly siledse o MLP QU5 5l S0y 5 odle (soleriny (o) oud i Cnv
P llcadanie, Sl il GlaSel goina wizpp ol 005 5 b el )l Silatnes (g5luacge
eSS 50 85 g sl poleiel BB g 5yl (69,50, dayielly (s e S slie slahs, b duslie
sl ol V6255801 5 (olgiin g 95 A 0yl o0 00l B 38l 5 450
byl b

Mz 89y 2 Bl A (eSS Slp AV gipe i (orae (S S b))l S (i ol
Lol 580 polie LMLP Jus Tzl s 2ol )b ols (g jloaings 3 sy Sl sl ool &l 00ls acgarme
WJoe 285 bl sl ecales jo ailends wudats Jow sl el )b glaSiis (somine g 3l eolainl b s g 00l
aall o il oass 5)5¥ EF s MMRE. PRED)- ,YO( slojlas (. 5ile g o0 ool 10-fOld o, 5
Oyg0 4 ookl 0550 bl b jlae g oad aiSlo gy b Al e 40 colainl 890 B0l (Byae 4y Lo
S0 eeplym odel Gty gl &l 4y dalol jo 0l wisles eols 75 IS

03wl 3,90 31D

el o ool Sl 5 an e (a3 slaae (2l slr alites ool asgaze paiz il Ghagh cnl
Mk )z 4 Bl ol

Albrecht 52l

arwg IBM 5,0 ools (53lop oo ylojles Lawgs a5 Sl (513800 5 0590 T Jolis 00ls dcgozmo (]
Aloas g3lwesly PLII 3 COBOL: DMS  _sgiask s slagly b (Eols ol 10 99250 (sl ilaiily
oS o Ll olaws dagzg oy Slasd i 29,5 Slasd g0, Slawd Jolis it pise £ (gl)ls B0l ol
Sl 5800 5 drwgs (6l 5L8 90 (I i (Eols ol atly xio el (LOC) oS bglas 3 (FP) lacs g
Function g, 5l esliul b 55 ey ol g  Souzmn ol oo (6 5ol (5,15 el slaws s a5
ol 00 dslime s T Lawgs saisesl | Point

19



S W BIS g Wgil s Lo YA- Y Y o)leds Vo9 N+ ybouo) ccadMs o 5 sl pole s pid

Sl g 9 (MLP) ¥ 09 s g (v 400 31 00lil b 511 5 iz 30 cmod 1) oz 59
(Grid Search)

Inputs:
D ={(x_i, y_i)}: Dataset with features and target cost
G = Hyperparameter search space
L: Number of hidden layers
H: Number of neurons per layer
LR: Learning rate
ACT: Activation function
BS: Batch size
EP: Number of training epochs
K = Number of folds for cross-validation
Metric = Evaluation metric (e.g., RMSE, MMRE)
Outputs:
g*: Optimal hyperparameter combination
0*: Final trained model parameters
Steps:
1. Data Preprocessing:
- Handle missing values
- Correct or remove outliers
- Normalize features
Split the dataset into training (Train) and testing (Test) sets
3. Initialization:
best score
g* = None
4. For each hyperparameter combination g in G:
a) Split training data into K folds
b) For each fold k:
- Define training subset D_tr and validation subset D_val
- Initialize MLP with hyperparameters g
- Train the model using an optimizer (e.g., Adam or SGD)
- Compute evaluation metric on D_val
¢) Compute the mean evaluation metric across K folds
d) If score < best score:
ghe—g
best score «— score
5. Retrain MLP on full training set using g*

Evaluate final model on the test set
7. Returng*and 0*
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