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Abstract
As carbon neutrality policies gain prominence, green remodeling has become increasingly important for
improving the energy performance of aging public buildings. However, ECO2-OD-based energy performance
evaluation, which is widely used in practice, requires numerous input variables, thereby limiting the rapid
comparison of alternatives in the early decision-making stage due to the burden of data collection and the
complexity of the input process. This study used real-world data from public facilities for the elderly and
children collected through the 2020-2021 Regional Hub Platform Project for Green Remodeling of Public
Buildings to compare machine learning-based surrogate models for approximating annual energy use intensity
(EUD). Linear models, tree-based models, and deep learning models specialized for tabular data were evaluated
under identical conditions. The results showed that tree-based models generally outperformed the others, and
CatBoost was selected as the representative algorithm in terms of predictive accuracy and stability after
hyperparameter optimization and multi-seed evaluation. In addition, a supplementary analysis of pre- and
post-remodeling EUI changes showed that the selected model generally captured the direction of energy
performance changes consistently. These findings provide practical criteria for selecting algorithms for
surrogate model construction based on real project data and serve as a foundation for the future development
of lightweight surrogate models with reduced input requirements.
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Fig. 1. Overall Research Workflow for Machine Learning-Based EUI Prediction Using ECO2-OD Green Remodeling
Data (The Process Consists of Three Stages: (1) Dataset Construction and Preprocessing, (2) Candidate
Model Comparison, and (3) Final Model Validation Including Building- and Regional-Level Analysis)

7|8t EC02-0D e dle] ek 9 AT Hlo[E &
AR ECO2-0D7} A4S EUIO]
o, 7+ 7| A&k 2 Eo] EC02-0D2] A4t ATE 4
o HESHA] AR 4 IEAIE Bl skIH:

oI 7Lo] MA| AR Fig. 13+ o0, glo]E]Al T g S 913 712 A=E AlFotarat gt

g o

ZuAdY FundugdHasErdd  REEedesgel 7

7¥st 0w, A39] o] taf stolmiztetn e 4]
3ot ths A= 7 5

Zo= T Holedl 75 oA 52
%29 A F AR o5

AL AZIA 7| ST,

L=k

R

&=

Aol 8 7|+

SLEERRREE)

P AR LNAES 5Y

ZEAEN A AT 2 oleH v 4

L AR A 5 JaEpes OllLAx] £

o|elE ggsto] of TPE 718 Rl
2N HLFEC.

-

2] 9407 A1 ol
UEAZ P IA 3

g ohgos gF g

AR A} 7] A ek 716t

o} Aol A Arte] ofuiotatAS
JStck A AR 6ol AR} T IAIS Hedinh

Hzxyoz gge L
k. AA, o]t Bl A3
TE 240Kt et o

e Aol 1
el melo) et
A= A3l

EIEA] Q=5 e B9 15 282 A8 glolBAl 5, A2, A AAet g7 A #E A
By gAY B, EF 7R 2, 4 gt AagelMe L s vl HE HE
P Hlole S5t HEd XY 52 FY 2014 ¥ Hdof Py, A A &Y 65 TS AR

=oJ5taL, A

Wty

24, EC02-0D tflelmdl o] Agket gmelz 21 1EEZES OUX gS Bt BCO2-

Helo] A2 720G ANSA ek B, 4 ARE 1R A% R0 oA A5 S &
) Wzt A%EL Ao deHw

SNV S e S AEEe elRwY ] o) 33 U WKk a2

A3t

https://lhrilhorkr | 203



D AeArde #4038 fitk 55 F=olMe =
£ A]@%%@,_ﬂ’q} TR LG ARG A
A ERE AR 52 B3 oA s Fde A
ot glom, Pizk Riof tisiN = 3-8 X9 5
A0] AAo] W= 1 QIrhERE S 9, 2023). o]

3 A QA1) kS A 0 2 W75 Sl
L m2oE ouA A% Wt 575 283 A
) 4%0] Ao chEHd 9, 2022). Lot 1
SEEEEREE-PCES, SERPTELE L]
AHAAA 9], 2024), o AH] & ALl 9]
AN 18 B S B AR e e A
BHe AT (LA 9, 2026)% 583 9], 19
Smdle) oAbAR S A5 $Iet Tt o]
Qe 3 gct,

S ARl olefst Talemdal At
SEEEREOTRE e R ]
(EC02-0D)o] THEHQ] £ 8w Irk
EC02-0D% T9] 715 273} A% oui« 7

2 7152 whadat A 718t oful <] s I
2o, 4% 9 7% AEES Ao Oy
A 17 o x] 489G 4Pgst Telelng
4 - 30] Ui x] 52 uliL Bk H E8H
THZETEY, 2025).

:Laur ECO2-OD= 441 7} o}432] A4 912l

28 @730, ol B3 9 ¥Rt ASE BEOA
dlo]E] 0] ol et A8 ALY RL Q1X] 5}
& olojzitks mm A= e )
2025). £3] 917 A%20] A9 47 L AT P
529) AAH |7t ol 2ol x| X ok A7} B
of, o] 4% 7} Tl Aeizk BeHaAol
58 27 pehde oj2ig @ <ls) el 7wt
A g ol de TAAE Qg WS Bk gis}

3 2 Qs ZIAsks 718 el el o) ey
o] A7) 3 AEHA 9], 2023; o1 i¥ - A,
2024).

204 | landand Housing Review Vol. 17, No. 2

2.2 7|AigkE 7€t CH2|mE MO HE

=] 7|5k o[ qA] AlE | o] AL =2 Al vl &t
TRl Al A WSS Qsto], W
AEY 27| DA JAREA Aol A|2fo]
(Westermann and Evins, 2019). 0]o]] | A= o
UA] ool M= 71 AlsksS E-8sto] Algdold
A} AR el At e s T

Stk AT A, U
5 cioret el
oI A RS ¥ 1A e YR o
QS-S H 115131 tH(Seyedzadeh et al., 2018;
Wei et al., 2018).

Table 1:2 52 oUA] &S A3 71 AISHE 71
whofel e T 7R AYATE A Hole),
g e, 1217 3 SEolx Felet Zolth
71 Q0] At el I o] efpfeis
228 71E02 14 AIB oI HlolEl S el
of sl&of -8-5199tHJoe et al., 2022; Zhang et al.,
2015). o] 23t 2 AA| T LA ARdofA
Ui 73 7 o043} 92 Hlolelo) Bap
A2 385] WI1A] ek 2 At T8
ol A= ECO2 T ECO2-0DE B-8-3t A4 A
Bl S0] Q3 o] RopHLoLHOIAIRI- A, 2024
HiR1 9], 2023), &2 7|6 B7F AE FABH
91t 71 AISHs e S 55kl v w et A=
Algt2lolet. Lo} A ARRloflA S8 5HA thof
A= 5Y 1529 Frdd M- 3 oyA] 45 ¥
3= die| 2 do] dni; A=A 2R 5 A
of iRt HE HA| F-25] o|FoIAA] ATt o]
T+ ol A A 3ol EARITE

olo] & AollM = AAl T3 ASE 1Y
AR HolEE v o2 7] A S 7]HE e
o A EFE oS Ad5 vttt ok tii
TE ddos dudy d-5 EUl |3k WeF
AL TS 5= Q=R E I AET O ZH, AR

291 A

et

mo o,
5!
&,
]>
im
o2




JRP|R 3 BdRiE fIEt 7AEkE 7IE BVl tIE

no
=
u
o
0x
or
o
El
re
4

Table 1. Summary of Previous Studies on Machine Learning-Based Surrogate Models for Building Energy

Prediction

Category Study

ML-Based Energy Seyedzadeh et al.
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o (in Korean) Analysis
Buildings)
Input Bae et al. . .
) Measured Data From ECO2-based Energy = Machine Learning
Uncertainty (2023) Old Public Buildings Efficiency Evaluation Not Applied
Analysis (in Korean) 5 Y PP
Real-World Green Compaljatlve Identification of
. . . . Evaluation of .
This Study This Study Remodeling Project . Optimal Surrogate
Multiple ML
Data Model
Surrogate Models
a0 Tl oA ARS A AR A @S EFel o], A B el d S47 Ao
25 AABIALAL Ik 715 z2230] AUA] g5 miRls Y= A
% Sick B4o] B8 9 Wk 54 W]
3. ECO2-0D C{z|2&o] MH™ w2} 155193 0 ™, 71 T-43-2 Table 201 AIA|5HIT
7 Aol A4 AR HlolHe) B 9 A
3.1 HiojEfM = Y MX2| = ol 2ok AHH|7} Z3kE| o] Qlo], BA] Bl ot
& A= ECO2-0D i REo o5 s Fol AATE A5 4 W 2SA =
%5}71 A5, = e LA ARG 71 554 T 2F BAS WY 4= Qs W iAW (iterative
S& HlolEHE 283 240l ARt 715 A&

Ll

202095 E 20219714 $3E (ZRASE
A I A GA ERE A oA SR A=
1,0167) 29444149 ox] Aaek HriAolck
3 dlolEl TASE oA orE A Z) (3
E RS, 20232.28)°4 FEH= T 2 715 H

< 97} GBol =AY 2l=EY AH-F o]
B %ol sHA g ARlE APEstgon, ol

=
imputation)2 53 H&5Ich ESE o U x| 48
1o

3 Akl A1) oF 10.9%0] Shsteic el o
% Aol A

o] Uutst 45 ol] 49
7bg3t dlolelg Hrjet g8els), ey Ao

https://lhrilhorkr | 205



ni)

B
2
ﬁ

ozt

i
i
02
2

Table 2. Model Input Features Used in This Study

Category Input Features
Region Region, Sub-region
Gross floor area, Conditioned floor area, Gross floor area (above and below
Area grade), External Wall Area, Gross window and door area, Total of top floor roof
and ground floor
Geometry Floor height, Ceiling height, Number of stories (above and below grade)

Average U-Value Ground floor

Weighted Average U-Value, External wall, Windows and doors, Top floor roof,

Heating Syst
eating systems Heating system type

Heating capacity, COP, Heating pump power, Electric heating capacity ratio,

Cooling Systems

Cooling capacity, COP, Electric cooling capacity ratio, Chilled water circulation
pump power, Condenser water circulation pump power, Cooling system type

Domestic Hot Water DHW capacity, Water heater efficiency, DHW pump power, Electric DHW

(DHW) Systems

capacity ratio, DHW system type

Supply air flow rate, Exhaust air flow rate, Supply air fan capacity, Exhaust air

Air Handling Units fan capacity, Supply air fan power, Exhaust fan power, Heating heat recovery
efficiency, Cooling heat recovery efficiency
Lighting Systems Luminaire type, LED power, Habitable room power, Habitable room area,

Lighting power density

Renewable Energy
Systems

Module type, Module area, Module tilt angle, Module orientation

Note: The target variable is the annual energy use intensity (kWh/m? - year).
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Table 3. Performance Comparison of Various Baseline Models Categorized by Architecture (Linear-Based,
Tree-Based, and Neural-Based)

Model RMSE MAE R? CV(RMSE) NMBE
Lasso 41.8674 29.7312 0.6582 23.4763 1.0226
Linear-based
Ridge 43.9561 30.5907 0.6232 24.6474 0.3736
Random Forest 38.0007 27.4563 0.7184 21.3081 1.1960
XGBoost 38.7968 27.2673 0.7065 21.7545 5.0287
Tree-based
CatBoost 35.5383 25.5278 0.7537 19.9274 0.8665
LightGBM 37.1922 26.3772 0.7302 20.8548 1.7534
TabNet 40.4622 29.1117 0.6807 22.6883 0.1927

Neural-based
FT-Transformer  38.4213 27.4400 0.7121 21.5439 0.5858

Note 1: RMSE and MAE Are Reported in kWh/m?-year, and CV(RMSE) and NMBE Are Reported as Percentages (%)
Note 2: All models were trained and evaluated under identical preprocessing conditions to ensure a fair comparison.
The best-performing results are highlighted in bold, and the second-best results are underlined.

Table 4. Multi-Seed Evaluation Results for the Top-Performing Models Identified in Table 3 Following
Hyperparameter Tuning

Model RMSE MAE R? CV(RMSE) NMBE
CatBoost 34.1131#3.32  23.5668+1.53  0.7811%0.03  19.0092+1.79  1.0333%0.90
LightGBM  34.7504#3.53  23.9439+1.73  0.7728:0.04  19.3640+1.90  1.0577+0.62

Note 1: RMSE and MAE Are Reported in kWh/m?-year, and CV(RMSE) and NMBE Are Reported as Percentages (%)
Note 2: Hyperparameters were optimized using a representative seed and subsequently applied to five independent
runs. The values represent the mean and standard deviation (g¢+o¢).

FES FAI9IAL, £3] NMBE:= 1% W= HEr A9E HE ol e 2po]7} ohs e alesto]
U EA ez o T A o) 50] A & sfae 9ot ok WA AE oA Sl
= BTl Sotohy, 7 do] dukdow -3 EUL S} A1 74 =5 Ao H 3. Fig. 207
Y s S ER 2T, IF CatBoost7} 7] 2 =21, HIAE MEoA A A oS 447
AP AR} TS A= QY M TP F Alelole w2 AR (r=0.90) 7 HERE 2o, 2
3 2IE HEHH: o]of & AFollA= CatBoost R A EUI 225 307 7Eo= Uwo] 2
£ 35 HE 2= A5t Tl A Hi# =g 74 &35t Al A oz v

W3t Ao A= Teo] AEollA 2REd ol
43 AE A X9 = oE LY EUI 74 7 &Fo] A4 9} Bslal ik

FAR T, W A SR - Hole] o] Thigl 7
FABEROZL ol olele AR R AT 163742 O A\ B3t B BGF] A
949] o5 PPL F7h2 AESALE ookl B At oSS W] wtAC. Fig 30] W2, B
X QPH SIS BUSA HAE AR o 57k AhEo R SR ASm=34), ZUn=31),

Hxv

il

r O

:'
She AlelEhe b0 e that AR AR tﬂ°1 A n=22), 7| (n=19)o 4= Akt ol =gl
Blo) S EUL BB Tl BRI QT HNEOR RARE AL Btk

208 | Land and Housing Review Vol. 17, No. 2



IR R SdEtE fIEt 7IAEE 71E EUl 0F ald

ol
0x
olr
=
El
2
-

Actual vs. Predicted EUI Reduction Building-level Pre/Post Changes
350 +
Correlation - D90 I e =
——————======== =¥
, —————Xy—
30 s \ P e e e
; - —,
= et ___
il - Ty
_)' 250 'H—. _____
= . . —_ =
£ K ¢« o+ S —a———t,
= ’ I T
= s —t_,
= 0 m / - e
g .« v s £ vy
= S = r_—a T—=
% Ay El v -Eg—=o
3 0 . & = w—y===mhaaaa -
A = Lo
o ; T
= 0. s a =gt
= s 0 H g - &
T 100 . ',{ N 7 5‘
S € 7 . B
Z Fanld® ==,
[l A ve L
" ° =R —8— Actual pre
(O Je —*— Actual post
o : :
e — - Predicted pre
0| B% L —¥- Predicted past
o 50 00 150 M0 2500 M0 3% 100 200 300 an 300
Actual EUI Reduction (kWh/m? year) Energy Use Intensity (kWh/m?*-year)
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