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Construction Cost Estimating for Budgeting Purposes

Using Machine Learning and Government’s Reference Price Data
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Abstract

The construction industry plays a vital role in
national economic development and serves as an
indicator of economic growth. Public sector
construction significantly contributes to
infrastructure development. In recent years,
transparency in government construction
processes has improved through practices such
as standard cost estimation, public disclosure of
pricing, and E-bidding systems. However, many
government agencies tend to focus on
demonstrating project readiness through detailed
design documents and cost estimates, rather than
evaluating the project's economic viability. As a
result, some funded projects may be inefficient,
underutilized, or difficult to maintain in the long
term. To address this issue, the utilization of
historical government cost data and BOQs,
combined with Machine Learning techniques,
presents a promising approach to developing cost
estimation models for budget planning. This
method can enhance the efficiency and
effectiveness of public budget allocation.
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Learning, Construction Cost Estimate
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Yy Teeiuldyedieuin (classification) n5ana
Aaiy (regression) Fndudovusuinandiniaya
wazldonml K fiununsauiiinan overfitting #3e
underfitting Tuiaadiiiu lazy learning ﬁ?ﬁﬁagaumz
Uy [6]

2.5.2. Random Forest
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- Area_of wall Aufinils
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- Step_of stair smaniuiiula

- Budget s9msiansnd Normalize wén

fioyalunguilgnihluasrsluiea Detailed Design
Stage ?”fﬂazgﬂLU%‘%ULﬁyuﬁuTumamﬂ Conceptual
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ﬁugmlﬂmlﬁﬂﬁaﬂu Conceptual Stage @11198
wennsaleutszanaldlndiAsduTuinafilifoyaiedn
910 Detailed Stage #5a(y wazifiyawad1nsunisiy
NUITINTDLUAN
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4.4.1 wadws Base Model lut'av Concpetual Design
Phase

715197 2 nadws Base Model tutiae Concpetual Phase

wuvdnaad R2 RMSE Explained
‘Wariance
Linear Regression 0.877 10,692,042.64 0.88
Lasso Regression 0.877 15,475,919.05 0.88
Ridge Regression 0.855 14,283,289 11 0. 9C|

XGBoost 9.274,786.45 13,602,149.86 091

KNN 0901 8,685,118.07 13,876,670.62 050

Random Forest 10,25%.708.13 14,277 89306 090

NANANITUTELIUYTEENTA NI DILVUIADIANTYINUY
W91 XGBoost Liluuundansilinadnsaifign Tayden
AdulszENEn15AIMLA (R?) Windy 0.905 wazan
Explained Variance v¥idu 0.91 feazvioufs
AMuaN1salunIsasuisAuwlsUsiuyaetinya
Whnansldgegadiaiiuufuuundansdu upnainil 5
A1 RMSE Gil”]‘ﬁéi@‘ﬁl 13,602,149.86 waasfiemI1y
AaALARDULBITINTiaDednTige eelsAniu A1 MAE
193 XGBoost 9l 9,274,286.45 Feusiezliigannn us
gadusauuuaany KNN L&niay

d175ULUU91ans K-Nearest Neighbors
(KNN) wsfd1én R2 9¥agi 0.901 Fesinndn XGBoost
\ansiay ualdan MAE dfigaluussainnluiaa Ao
8,685,118.07 a=¥iauinuuusiansiifinnunainininy
waluBaunIesnfiga agrelsAnu f1 RMSE 189
KNN ffegendn XGBoost taniay Fepneidndunensel
ﬁmamiﬁ'}myLﬁmLuufﬂmﬂmﬁﬂuizﬁugﬂ

WaRensauuudianadadn Ifua Linear
Regression, Lasso Regression wag Ridge Regression
W71 Ridge Regression fianuusiugngegalunguil
Tapfia1 R2 wirdu 0.895 wazen RMSE #i1ad1 Linear
waz Lasso agedmau peelsfinny wuusianeriaany
FeaefidseansaiwendtnuusianaielaiBadu
XGBoost, KNN wag Random Forest

Tuda14uae Random Forest wid19zdidn R2
Wiy 0.896 FalnduAnedy Ridge Regression wazan
RMSE 241 14,227,893.06 Fenglusyfuiunans usen
MAE Apuinegediaifisuiuuuusiansdu q uanslidiu
Famnulistinaunupsnnuaaaadsulunlsyinug

4.4.2 aadws Base Model luav Detailed Design
Phase

#15197 3 nadns Base Model Tutas Detailed Design Phase

RMSE Explained

Variance

uuusaes RZ MAE

0873
0873
0920
XGBoost 0.890

KNN 0849
0888

Linear Regression 11,172,131.42
11,165,430.94
7,907,611.97
9,418,200.7
12,629,708 53

9,090,327.1

15,751,870.25 087

Lasso Regression 15,744,018 56 087

Ridge Regression 12,484,20842 092

14,662,537 82 089

17,149,930.66 087

Random Forest

14,757,037 59 0.89




Tupa Ridge Regression Winansyiunefiadigalungs
TeeiiAn R2 = 0.92, MAE = 7,907,611.97 wag RMSE =
12,484,208 42uda# Anisanuaiuisalunisasuiy
AuulsUsaueeinyalduiniigauazliaiaiy
AanaeADUTigaLaSyDIfisuATIAaEY |

Tuima XGBoost waz Random Forest
LaAHaNSTIuIEAidsosatun Taaddl R? = 0.89 uay
0.888 mua1dy Fauaasdeanuaunsalunisdnnisdu
fiayafidudounazliifufaduldd Taofi XGBoost U9
RMSE siadndniiay vzl Random Forest fid1 MAE
fishad

Tudruluiaaldadungng Linear Regression
az Lasso Regression fuseansanlndidseiu lngld
A1 R2 = 0.873 tlaz RMSE Yszunen 15.75 811U LLEAY
Feanuusiugluseduiiunans wasmanzAuiayadid
AMUFUWUSLTLFUTA LY

waglutaa K-Nearest Neighbors (KNN) 1%
NadusAwiugninsfige Tapifidn R? = 0.849, MAE =
12,629,708.53 Liag RMSE = 17,149,930.66 Fulanaii
fiodfavasluinaiilunsusananaiayadunannynie

)
P

4.5 M5ie91z#n1sYin Ensemble Model fiaweaiun
Usgdnsamlumsianeitiaya
4.5.1 ludu Conceptual Design Phase

#197971 4 Model Comparison 1aaLkUUs1809 Ensemble 611494 199

Conceptual Design Phase

uuuiang RZ MAE RMSE Explained
Variance
Ensemble Averaging 0.905035 8,511,293.10 13,595,085.72 0.905108
Weighted Averaging 0.905208 8,505,787.99 13,582,681.12 0.905282
Bagged RF_KNN_XGBoost 0909139 | 9,045578.82 13,298,096.71 0.909168
Bagged All 0.905035 8,511,293.10 13,595,085.72 0.905108

Tana Bagged_RF_KNN_XGBoost fuani1svinuiafis
fign Tanlidn R2 =0.909139, MAE = 9,045,578.82
Lhaz RMSE =13,298,096.71 ﬁﬂLLamﬁﬂmwmmsaiu
A1s85u1EANLYsUsIuLDiayalfuInfigaids
WipupuAuTueasu q Tudiuasluina Weighted
Averaging TﬁmmwﬂamLﬂﬁaul,a?{ﬂﬁaﬂﬁam Tagdi
Funm3@1 (MAE = 8,505,787.99) wsid1 R2 Fasnnan
Tuwealuy Baggedluina Ensemble Averaging wag
Bagged_All adsfindilnd @i wazdeiaany
winghlusedugaguiulaedunnaldainen R2

4.5.2 luiiu Detailed Design Phase

A1579%1 5 Model Comparison yasuuLs1ans Ensemble 6199 o<

Detailed Design Phase

(NI ELN R2 MAE RMSE Explained
Variance
Ensemble Averaging 0.912428 8,511,757.04 13,055,146.72 0.914195
Weighted Averaging 0.912578 8,504,508.14 13,043,961.31 0.914297
Bagged RF_KNN_XGBoost | 0.895823 8,934,071.50 14,239,189.63 0.902987
Bagged_All 0.912428 8,511,757.04 13,055,146.72 0.914195

'Immaﬁiﬁwaﬁﬁq@hi:mﬁﬁa Weighted Averaging
Tapfidn R? = 0912578 wazd1 RMSE sfige

Tuima Ensemble Averaging waz Bagged_All
T nadwsiinAunndiiia (R2 = 0.912428, RMSE =

13,055146.72) Fepausnldintawna 2 il Augataya

a

fudrneany 1dnafilndiasedy Ty
Bagged_RF_KNN_XGBoost finaanseagniigy WUV
WEattoeluszozd Taaddl R? wihdy 0.895823 wazen
RMSE gefige

4.6 naMsSsufisuYsEAnSnnynusazaiasdin
Machine Learning tunisviuigsudszanmsian
ApauRamuunansfimanzauiige

4.6.1 msysadunauvyiapvluyay Conceptual
Phase

#1519 6 Model Comparison 199LUUI1a99
Conceptual Design Phase

. Explained
wuuiaed RZ MAE RMSE
Variance
0.505035 13,595,085.7 | 0.905108
Ensemble Averaging 8,511,293.10 5
0.505208 13,582,681.1
Ensemble Weighted Averaging 8,505,787.99 5 0.905282
Model 1
Bagged RF_KNN_XGBoos | 0.909139 13,298,096.7
- 7[ - 9,045,578 .82 L 0.909168
0.905035 13,595,085.7
Bagged_All 8,511,293.10 5 0905108
10,692,0426 | 10,692,042.6
Linear Regression 0877 0.88
a 4
10,650,358.9 | 15,475,919.0
Lasso Regression 0877 0.88
9 5
14,283,285 1
Ridge Regression 0.895 9,273,575.95 0.90
Base 1
Model 13,602,14%9.8
XGBoost 0.905 9,274,286.45 0.91
6
13,876,670.6
KNN 0.901 8,685.118.07 5 0.90
10,259,708.1 | 14,227,893.0
Random Forest 0.896 5 B 090

AsnaaseiiilidhnunmewWisuisudssansainues
WUUs1ane Machine Learning nangdszianiunisg
wennseleulszananaasne Tneldditandn (dud R,
MAE, RMSE waz Explained Variance ianluinafl
wsiugnaznuzanfigadunisiianase Taguys
wuudanepanidy 2 ngu @ Ensemble Model (1fu
Bagged RF_KNN_XGBoost, Ensemble Averaging,
Weighted Averaging) laz Base Model (1§u Linear



Regression, Ridge Regression, XGBoost, KNN) wa
A15NAanIwuidn Bagged RF_KNN_XGBoost 1#@1 R2
§9ga7 0909 uazil MAE fu RMSE pgluszduugefiule
d&91 Weighted Averaging fi@n MAE ﬁﬁqmﬁ 8.5 a11
V1M waasieanuuaing luBeduysel luealisingie
XGBoost wag KNN Al R2 g9 (0.905 waz 0.901
augey) Inddpeduuuusiuna ueed Linear waz
Lasso Regression ﬁﬂixﬁ%%ﬂﬁwﬁﬂﬁam (R2 = 0.877,
MAE > 10 &1u17%) wanasiiadidnuaslutnaidaduie
waruiayafidudan

lapasy ngu Ensemble Model Tagianie
Bagging wag Averaging Techniques #uauadugag
wipsnIlueaLRed Teludu R? wazaAina1aLadan ¥
1¥Tauiana Weighted Averaging wag
Bagged_RF_KNN_XGBoost 116 Lﬁaﬂﬁmmmmﬁq@
dmsunsinlylfeuade lnafinnuaunassriteniny
wiingh anuBengy uarAsseesuiinyafinarnnaily
DUIAG

4.6.2 m5yssdunauyysiaovluya Detailed Design
Phase

#1579 7 Model Comparison uasuuua1as Detailed Design Phase

o Explained
wuudnaad RZ MAE RMSE
Variance
0.91242 13,055,146.7
Ensemble Averaging s 8511,757.04 2 0914195
0.91257 13,043,961.3
Ensembl Weighted Averaging s 8,504,508 .14 ! 0914297
e Model t
0.89582 14,239,189.6
Bagged_RF_KNN_XGBoost 3 8,934,071.50 3 0.902987
091242 13,055,146.7
Bagged_All s 8,511,757.04 5 0914195
11,172,131.42 | 15751.870.2
Linear Regression 0.873 - 0.87
5
11,165,430.94 | 157440185
Lasso Regression 0.873 B 0.87
12,484 208 4
Ridge Regression 0920 7.907,611.97 092
Base 2
Mordel 14,662,537 8
XGBoost 0.890 9.418,200.7 B 089
12,629,708.53 | 17,149,930.6
KNN 0.849 B 0.87
14,757,037 5
Random Forest 0.888 9.090,327.1 5 0.89

Arsnaapuluyas Detailed Design Sl nungiie
Y52l iUANEINITAUDILUUSIaDITidALEDA Fan
Conceptual Design my"iﬁﬁaaﬂaﬁﬁuﬁauﬁu Taginsig
R2, MAE, RMSE Llaz Explained Variance Wotnaw
wiug LEfysaIw wazAuaNNsaluas generalize

NAaNIINAADINWLIN Ridge Regression
UszAnsnngegalunadiiia (R2 = 0920, MAE ~ 7.91
&1, RMSE =~ 12.48 &1, Explained Variance = 0.92)
azvipuauansalunisdanisAuliayadudon uliay
VuluieatBady wenistls regularization gasaa
overfitting wazdmn1s multicollinearity (68 ¥inl44

ERYIAINLAZANN LN FIA

gy Ensemble Models 181 Weighted
Averaging waz Bagged_All usfazl#nad (R2 ~ 0.912,
MAE ~ 8.5 d1%) usgadusas Ridge Regression Tunn
FH¥ Taniannz MAE uaz RMSE Aigugendn uaasdnut
assanluaagisifinanuiafios welildasunay
wiugmieninluinatfyifiusuguuing e

Bagged_RF_KNN_XGBoost &i R2 = 0.896
waz MAE > 8.9 &1u ffauflusasrie Ridge waz Ensemble
Averaging §9% Linear waz Lasso Regression 9@
UsAnEniwen (R2 = 0.873, MAE > 11 &) lalanunsa
sufafuanufuFauynsiayaluraeildgariny KNN
LLamwaﬁwéLLy’ﬁq@ (MAE =~ 12.63 a1%, RMSE ~ 17.15
&) wansdadAnluns generalize foyafidudounse
fd91uingatnyaunnasulddn Ridge Regression
mmzaw?i&g@'luu%kum Detailed Design #18m213
wangn L@fipsnin uazAnuaNnsalunsInnisioya
Fudau lnslinaniiandinuudiananangu souf
Ensemble Model Fawiughin msidanuazdsuguluina
Wgafmnzauduuiuniaya o1elinafniinissn

Tpanatudnuy ldmwiziangas

PR — [T —

Predctas va Actunt (Random Focests

Waighind Avacagess. Predctad va Actua

”r=0008

® = 0.909

g‘ﬂﬁ 4 auansHa Predicted Budget ffu Actual Budget Tu
Conceptual Phase



¢ meosz

Eﬂﬁ 5 As1uEASKEa Predicted Budget fiu Actual Budget Tu
Detailed Phase

4.7 JipszhinanistdSauLfisy Ensemble Model
uagyaAUasBynYpeipya
ANSLUFYULTYUYSEENEAIWLDILLLUUY18D9 Machine
Learning s¥%1198¥79 Conceptual Design wag
Detailed Design waaelfifiuauuwanarelusdiu
waé’ws’ﬁfﬁmﬂﬁazﬂaﬁﬁszﬁummaz@m@mﬁ’u

Tut19 Conceptual Design ﬁﬁfﬁﬁmﬂmﬁmﬁu
Wi Anfildany sauoufu wazUszinnnials wud
uvusraaslingu Ensemble Models Winadwsiusush
Lazladgspgd1edaLlan 1agLlanwie
Bagged_RF_KNN_XGBoost i@ R2 = 0.909139 was
Weighted Averaging @9l MAE ﬁﬂqmﬁ 8.5 a1uun
upzfi XGBoost way KNN Afl R2 gefiv 0.905 uaz
0.901 guany

unendudu ¥ae Detailed Design ﬁﬂﬁaaﬂaﬁ
ANMNAZBYANNTI WUILUUTIEDS Ridge Regression
uanelsEEnBanafiga fasen R2 = 0.920, MAE = 7.9
& uaz RMSE = 12.48 duuin daniandina
WULS1aD9TTe Base waz Ensemble 5audedn Explained
Variance figonndneiufi 0.92

Ensemble Models uga9 Detailed 14u
Ensemble Averaging, Weighted Averaging, was
Bagged_All fieR? wiyiszanes 0.912 uaz MAE az”i“?'i
517 8.5 &mum Feusiazianuuaingigs ussenaidy
584 Ridge Regression Iuﬁqﬂﬁ%ﬁi@

Tuina Bagged_RF_KNN_XGBoost Tugas
Detailed Design T#@1 R2 fianaainds 0.895823 uaz
MAE gend1 8.9 d1un1n Fedniinadwslugag
Conceptual Design

WUUSIA9LBLAuRNg N LU Linear
Regression waz Lasso Regression §id1 R2 windudi
0.873 vielugae Conceptual waz Detailed wsifl MAE
§9n91 11 SMuvnlugrnds axviouiaddalunisdnnis
fufiayafidudouuiniuuas K-Nearest Neighbors
(KNN) Lﬂuiumaﬁiﬁwaﬁws’ﬁwq@iuﬁw Detailed Tagd
MAE 484 12.63 11117 waz RMSE gegafi 17.15 &
UM

5. a5Unan1sEn
AsAAmATTnqUsEasdIRnUssI Ny sEAnSa 1wy e
mei"lammﬂ%yug”vmLﬂ%‘éﬁ (Machine Learning) 1
ANSYUILTIANADES 19 LA DIHINYDINITDBAUUY (LA
Conceptual Design Phase iag Detailed Design
Phase Tagii5ausfisusendnauuusianfipd iy
Linear Regression, Ridge, Lasso, XGBoost, KNN,
Random Forest AULLUUF1809bUUKNEN (Ensemble
Models) l@uA Averaging, Weighted Averaging uag
Bagging

Tuga9 Conceptual Design Phase Luuaans
XGBoost Muadnsfiafigalunguifiss Tawifien R2
WAy 0.905 1ag RMSE 1Ay 13.60 duuin uaaeéiv
ﬁﬂﬂmwiumsﬁyuimmﬁmﬁuﬁ’u’?\iﬁﬁuﬁauﬂmﬁmﬂaﬁ
faneunglugiedunnsnisonnuuy YOS UTIa D
Bagged_RF_KNN_XGBoost F9f1n15KauNa1HLUY
Bagging 199 XGBoost, KNN waz Random Forest I#
UszAnSawgegalunndiiia Tasiidn R? wiidu 0.909
a2 RMSE anauindn 13.30 §1uuiv 1198 A1531as1e9
WaLBuwudnuwuusianwnatiliiaiiuudugilunis
uss1angalugielasensfifiyadisening 1 dmum
§9 70 d1uum Tapsiafiiundn 80 duuinazud
winlunUsdunnnsmduase ulazdamengulumsu
B winaaelfifiudeanuianainfiiududniion Fe
Fufuie sl pinnenssiugauiupeuaazuUUT1ans
WADLRNLATETATWLATAN WANG HUIzANDE19E
dmsumspoaysifulsanaduiuduraddassmg

{ugne Detailed Design Phase Eff\iﬁmﬂaﬁ
SnwaiziduszuuszifovunazdsivaziBuauiniy
wuUF1ams Ridge Regression lfuadnsafigalungs
\iiwa Tapfien R2 1vindy 0.920 way RMSE dfigad
12.48 11011 wanedelszanininypsluLnaudaduid
A19 regularization ﬁmm:auﬁuﬁmﬂaﬁﬁmwLaﬁm
WA T EI U UUUST1IaBIULUUNEND N



Bagged_RF_KNN_XGBoost feasfuszansSaiwa
TndwAzediu Tawdl R2 wirdy 0.909 uag RMSE indv
13.30 &wum Beusfazliidnfige udAuansiaafiosain
vpamswennseildaghesiaifinslunntiwnsinya

Tapagy asidenlfuuudianefimunzandy
anweuzuasdoyaluudazdiwaenisasnuuuiinantig
gaausnausing tunsiiuigsal Ty XGBoost
Wu1zAYYI9 Conceptual ﬁﬁa;ﬂaﬁwmu d1u Ridge
Regression a1z U1749 Detailed Aifpyafidnwaizibe
duuntu ag19lsfiniu n1sld Ensemble Model
Tagiawie Bagged_RF_KNN_XGBoost waael#Lfiud
dnnwlunmsiiuanuaiys anANLAMALAREN LAY
Binansyinsiifianuusiuginsauaguiiagiesaie
uazge Faduunamefimuizanlunisysifiusian
ADA9LAD AT N LIVUTER A IUNATEADIDIANS
2DALULY
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Ysainusarufidaduns@nvntdenadoniunis
wenselauUszsunan1saaasie lapdanldgiuioya
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wingazanunannatpyaioya iduluusIans
aunsarildlagansiidiuiuiayaifiuiuililuais
nAaes s lfidutisyaindssed liszviou
ANURUKNINYDILATEFAY LN Kuiansasiadanly
1291781959 D19vi WRanensalaaALAGa LN Y
9911 AIstsuianssadaniistiduiusdudil
LASEgNaTD
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