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Abstract

Energy consumption from buildings accounts for a significant portion of total energy consumption in developed countries. As end-use energy
consumption plays a crucial role in prioritizing actions for energy reduction, it has gained increasing attention. This study focuses on 609
school buildings in metropolitan areas of Korea. Simplified energy disaggregation method was used to disaggregate end-uses and various
potential influential factors were collected from public data. Random Forest regression models are developed, showing the predictability(R2)
of 0.46, 0.51, 0.44 for total, base, and heating EUI. In base EUI, the top three important factors are gas consumption ratio, number of
students and teachers per area, and register date. In heating EUI, the top three important factors were gas consumption ratio, register date,
and district cooling and heating ratio. The trends between these key variables and the EUI predictions are identified, providing valuable

insights for prioritizing energy reduction actions.
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1. Ao HiE o =8 oz WFHACH HAEANGA LHlddl Fond FFE
Belol gl oy iy deldsEd ZIAAEE He
A ol|A ZIFIEA] wEH, AEoA A= Aol o] BAl= AAH A e keHCui, 2024; Won, 2019).

oA AuHlE AR CO2 W=y oF 379 13 A& FUA AHZEZEEUE AE dUx &8
Z YA &Yl 40%E zkA gk ol tl&3te] A& A < Hriebr] S8 9 AHEEe] $h(Trigaux, 2021). 1
£ AE FE AZoUA HAEE FHH3taAr 2050 WA Huy AA AE EUE 714, W, dgoux 2HE F
2 AFE FxIFAT oHT Ao AE oA 4 H3lA] B3l AFo|BE, FoUA &H T AT AEE
5 Hristal oluA] 4B F2 QIAE AEH3E AL o Z7F AAFE vl FoluA AAER Rod F gl
Uz 27 588 A7) A% 2935 dFS FH b= IAZS Y AEAUA &AHE AR|E
A ZFzE T 9tk (end-use) FFolA AH3 sty F2 AAES AEsles A

ole] we}, ThFg ATFENA AE YA &M F8 L duUAE HEEHoE ASFHE YdS ERFoe=

AAF ghebe 93 Holy 7k HIWo] s Ho st dojui= dHol dasty, deel AFEEE oA am]
(Hong, 2013; Cui, 2024). A& oA &Hlele A& &9, ARE 87 f8l AAE HAAsts dHols H&Fd
o ¢ A A o] EA3cH(Zhai, 2020). oo tidk tito g F

22 54, A= I, 7IAAER, 71F 5 o8 &<l

3 9EFES e F AFol YA Jdou, IdF HE AR HA £H 25 AREEE dUALHE F4ste b
= 3% HeolHE FRE ol o Fe] o] TlolH & Ay A SEEE WHE] AdEol $AIRHWortman,
719 P EANA WP EHA Rt Aotk 53], HVAC 1985, Kissock, 2002), A &=&HE Tl oAz Al
I 22 ZIAEE ARE AA YA &H T 7k 4 FE&EE F2 AAE AEsts A7 BT dAoH

e o
* gt ASAE R e ek AAA HNA Q018 AWHsla, ZF 59 11 sHA 29l 7re] #A
ToaEn dsAsgd et ag, sstuat g olglst Aotk o1& s A& FAUALHE 7]
(Corresponding author : Department of Civil Engineering, A, W, Ui EUIE 2838lga, T ol E dojA=
Korea University, yeonsookheo@korea.ac.kr) gokd AE AR 2 7 AN gEdsE F835ke] Al
B dFe FEAFHFERLTHIV|EIEL] Adog 59 By 7Y 9y Ty rE pdS LE3gc)

HA(FAH S RS-2023-00244769).
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