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21) Z5A, HAA, p.1-6.

22) 71EAERZATE, AAA, p.9-12.

23) 2447, gE4. (2016). FHE A 40 A gl BAu AR TP ol dojw, .
16-11. oA AATFL.

24) BAE, 154, AR, YR, (2021). AMI dlolg] 7|Ht e Ay =4 °d AXE g9F
A B, THARESES=RA]; |, 58(9), 66-74. https://doi.org/10.5573/ieie.2021.58.9.66

25) A, AEA, A, HYR. A==, p.862

26) A (2023). AMI Hlo[ElE E83t G4 QRlo] ofmtE HMFAH|Y| m|x= IF 24, &
Mgty HFAL 5R9] HA =
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VSM. Hlojeldl el B s saig

we Y EFE] VSM dolEse kg 48 Pl m2I@0OR
Demand Response)®] #AotH Q4= 2do] AZy HAH 7% Hlo|H
T &go] 7 Aot

rO

1.1.3 A EFo]A 7|5t VSM Hlo[ejAle] I g

TEFUS o8 st 79 VSM HolEAE olelA AME uje}
Zo Az dlolg FEo| BA|, A2 24 EA wgol ¢4, 2 ot
S o dolBAle] BE B o eaAR S o4l AX 227 o
Hlg DR 2849] sl So= [® 1-1]3} o] 1 Bade aoke & 9t

[E 1-1] VSM dlolgAle] QA

24 o34

gzdole Rz mAaam |19 SR B HolE £ @A s el
o]8]e A= AMI Hlo|HE A 75

AR 24 wa s |98 FF WY I AT /P S ogw o9
oo e E 235t Ay e’ golg AA 75

g 7|gte] st HAEY 2 dajy md shso] Wach tihR

glolelAl sHa303D Aol dlole] AF 7.
% 9rg o[dE, 94 Wa, agA W4 o

DR A&+ stdj®) £ nal A g 7 AF dold A
s

27) °l87. (2016). =W-9] #AAAE FF A4 FENERGY FOCUS, . @24, 2016
W AFZ, o|AEA AT, 34-60.

28) AT AAGE. (2014). HoF AFAIT Hle-e st AntEnE 271 A 9@ 44 "ol 1H
HRT5EE7], . 24(5). 66-74.

29) Neale, A., (2021), AA=E, p.47-48.

30) Neale, A., Kummert, M., & Bernier, M. (2019). Linear discriminant analysis for
classification of a large virtual smart meter data set with known building parameters.
Energy and Buildings, Proceedings of the 16th IBPSA Conference Rome, Italy, Sept. 2-4, 2019.

3D AFA AR, 4RZ(2022). Held 71HF FELE AXE A Hek A Ar]as Wet 95,

ed7]eta, | shAlstat a4, 2022(7), 1837-1838.

32) s, steis, oL, A, p.5-T.




ehy FEFE Sl VSM HlolEAl Bdl RS ffoto] s AFtoflA A
Algt QSFBSEM®] Generator — Classifier — Extractor A7 RE-g Z]-835}H,

AR =+E Ex 7|8 o2 A4 (Generator), €4, Fo} ZrIAd=HE A=
EA B2 (Classifier), A4, AMIolA A-AH A= do]E(RSM, Real Smart
Meten) 28H A= detv|g o] 934 (Extractor)©] 7Fsottt. ol& =g
5T BSEMo A-gotH, @ Bol &S ol DR 99 A3 4
T2 A% 71% Hlol"Hz &-&o] 7Fssith

1.2 94 B3

1.2.1 =¥ 3559 BSEM-VSM 29 1% 7154
U 357E $HY A FHe 7€ Bu-HE SHY 9579 9
2 Jpd" VM 2dS

TRNSYS - CRESTE &-8¢7 44 (Bottom-up) BSEM AlEo]H2=
AT Aol 7MY A9 Bot mantds st ol A9 wE Z4(LDA
Linear Discriminant Analysis)®] Z|AlIsE 71
s ol vigoR WY A8US Azt A

Teg AT 9 BeY AR Bed &
ZH AW (WWR, Window-to-Wall Ratio), Althd
oA gte] g} Aol7} o),

AsY AFtollA  HoJA ARl Algdlold Z=ISH(TRNSYS, Transient
System Simulation Program)<& 7|§360) o2 W22 W-7Pd HoLE =t

Loughborough Universitye] ZHA o] A|A®E] 7]&AIE] (CREST, Centre

33) AAlE, =Fd. (2025). AEaFouxnd 7|ub faukgrEl HAE 3t ZHIAntED|E
glolElAl 1A, Fx-A71Ad8ek8l=2 2], , 30), 355-364 hups:/dol.ag/10.5207/JIHE.2025,39.5.355-304
34) Neale, A., Kummert, M., & Bernier, M. (2022). Discriminant analysis classification of
residential  electricity ~smart meter data. Energy and Buildings, 262, 111980.
https://doi.org/10.1016/j.enbuild.2021.111823.

35) AAlE, =39, AR, p.359-361.

36) Solar Energy Laboratory; TRANSSOLAR; CSTB; TESS. (2017). TRNSYS 18: A Transient
System Simulation Program—Updates in Version 18. Madison, WI: University of Wisconsin.
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for Renewable Energy Systems Technology)®] A5 AAE3 ZAdsto]3n,
AFE-AZPE Feb fiele FYsHA BAstHen ol AMIS A5 HolH
o} Hlwste] FSEE FFAZAEN). ozt 4 Hdg rHtoewr xu ¥
ETE] B4 FASteE AtiE ¥ AAH, S Gdbd-oa

[e]
EAS wtgdgt 3hg KR-VSM 2dL

, = = =
Sfe el tiv] = e A= UGSt Hof k=3 DR Z=T1d
o] 44 7FsAE B & 9l Ao
o] Bz

e w 2 ANBT, olg Ao F
AT S8 B 2§ Ak sk dole AN oAERE X

= [¢]
st 7]z dHolE e AT Zolt

122 S8 85 7N 99 728

S

=]
_]Lo_‘ 0%

A8 Ao wHEoa VSM flo|gAle] ZAo 27| old w40 tlek
it g Fa0] AEA AA ESHA HH, AE-dRl-2Y TE
AeF &4(PMF, Probability Mass Function)@t ¢
Uniform Probability Distribution)= 15945}01
d= wrget 749 AEDS 7HsstA 3
AlE2 7}dsk= Top—down 4] HiH] *ﬂ‘?zlﬁ}
d=q R A% AF4E xSt 2
ZAL, SEIEHE K-APT 3% —T—E—Ht}a} @P—/\]i@ (Zﬂ)ﬂﬁi“}ﬁl
dee] AMI Hlolg -5 ERE Alo]E

MY 29 A= 714 HlolH, U]%ﬂ]‘—il]l‘i—(DOE, United States Department

37) McCarron, B. (2017). Passive House Research & Development Centre (CREST): How to
meet net zero carbon with Passivhaus. PSouth Pacific Passive House Conference (SPPHC
2017), Christchurch, New Zealand.

38) Neale, A., Kummert, M., & Bernier, M. (2018). Generator: A stochastic virtual smart
meter data generation model for residential building stock characterization. Proceedings of
eSim 2018 (IBPSA—Canada), 65-72. ISBN 978-2-921145-88-6.

39) ol&7, AAA,, p.59.

40) Neale, A, (2021), AR p.51, p.53.



of Energy)ollA 7H&%t EnergyPlus& 7|4 dllo]E]l epw(EnergyPlus Weather)
HolHE 7|2 sttt PMFE= &9 914, Hd59E, A= FH, 7IULE,
Yk A 7E717] 5 o4k BAe s whgstal, UPD+ A-892], FW

O T, %‘ 1o -0 1y
Al 5 A%y A% wdsio] 20000049 AE 54 2L A4
st FRA %, W% ZEne, 29, 2%, M 5 CREST ¥4-3% o

VSM 7|5F o5 mde] Al=4dS gHst7] flsiA+= RSM dlojgete] 4
F2 Bl gFo] Aot AuthFye A% Aol 3AE AntE
o] dlo|EE &gste] VSM-RSM 7+ #st sjele] Abvbd HadAZoxt
(RMSE, Root Mean Square Error), ®+« At 2XH(MAE, Mean Absolute
Error), W+ W @2HMBE, Mean Bias Error)& EA5F3TH3),

ZFUY 7% dolHE (A)IFFATEIYEAGHS] AMI HlolE §5 Z
Zol|A stuE vgPshd 8973227k 147 ©¢) AF W 1Az A%
goleg &gatalt. Algdeld Az A== KR-VSM Hlojg st
Azz] 710l ASrsE A7HH.d¥. YW Add.2dg 7=3517 o]lE K3
VSM &mgo] Bt mjel o2 mj3 AlH o, BaleF gof-ats =34 59
F24 9FE AWetl VSM Flojge] AstEs HARCH), olafF Ml

41) Neale, A, (2018), AA=E. p.68.

42) Neale A., (2021), A7 ﬂ%‘? p.65.

43) AAE, lr_ﬂ'oﬂ AAR=E, p.362.

44) A= AMI Eﬂo]ﬂ —rﬁ % AE. (nd). “ARFHE A AR 7PAE Al 58 dlolE
(A FEutE 12| EARITE Retrieved from https://Awwwenergydata.cokr & hitps://Avwwsirartgrid orkry.
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1.3.1 A% 479 Hu

QSFESEMS VSM. elel=Sl €75 207 Sl 42 A=A A
o2 Qg W24 FAY oA S W Fa Wi gt Ay
o] FAE DR EAe] i B2 AE 2YS oz TRNSYSS

CREST FeF Bottom—up White-box VSM dHlo]g A 7|H-S AA|S
Rom, LDA #Algd 7[Heg Hot mds EFstl A&s 54 FESH
v AEA AEE 5PshaltHo

[ 1-2]l4% Zo] Auths Aoz H§ 50~60% ool g

FdF7F Ager 757 &4 E4F Y o A9 a8 w7l A
591 33~37%0] AR =

et otdd] 7|17t EAsts @ o® AMAE®0] FEIsta oFEe] 1
&

2thE B70] 69~997HA] A ololNWA s W Asart e

Asel & FEE T SFolete HollA Zpol7h UTH49.

T35t QSFBSEMO] VSM ZHdQas AL ou]-Au|-dS melo] ot
st5 W42 PMF/UPDE AHostglon, g8 dlo|g o] A4 Bzt shuch
A 9 Ayt A= HlolEHels, d= § HERHAA S TABULA
ZRAEE= {9 207=9 A= 25 FH dolgils 7|fter st

1
- -
o}, olo] uls] o] A FEFEL FhT @ Aelyhuro] uFol

Hir 0

45) Neale, A., Kummert, M., & Bernier, M., (2018), AA|*=%, p.73.

46) Neale, A., (2021), AAI=E, p.131.

47) Wikipedia. (2024). “Canada”. Retrieved from https://ko.wikipedia.org/wiki/7itct

48) HskEolA T, (nd). AR IERESESIHTIARA, Retrieved from https://encykorea.aks.ac.kr.
49) Wikipedia. (2024). “ti$h1=". Retrieved from https://ko.wikipedia.org/wiki/THtHl="

50) Loga, T., Stein, B., Diefenbach, N., & Born, R. (2016). TABULA building typologies in
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38 a0 A Apgo] ZASH, AtEz ke
o E
=

/dol A Aol RIgEA] §d2 "o,

[ 1-2] AAvctel dgtaate] Aal4, @44, 7194 bu
F5 ot Atet
ZEE ; ] Zofdel7t o5 27, B3
SolAlol, FhbE 91
917 2
HA oF 100,000k’ ¢k 9,984,670kmr
AT oF 5,2009F (20254) F 4,0009F §(20254)
%71 11%7 559 771 60%7F =g F7
e 54 1% € 20 71%, o8 | B ad 2 =4 715, g%
- 91 %% AL &3 0% o 2 e A%
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gt -5C~3T E7 =30 ofsh, &% -10T~0T
Ae 2k
(129~thS 3 29) (119~ 3 49)
az ex Byt 23C~30C S5 10T oJs}, g%
20C~30C(7E€~89)
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. 3} = 5o, Aerts, AN, A
AdA | A4l
2 AFE olad WSl Aols FHapr) 5] AMI A5 clojelE v
o Y Wso] BA BRE AFsti, 45 AL oF mA Hs} 125
Stg @2 VSMS TEskAt

Ad) A= Neale et. al.(2020)¢] AAISH QSFBSEM A+ 4% 7 2
o] Ayt dEFHo tis] AE mietu]ert s BAE S =
1, i dolgHE 7|¥to 2 LDA BEF7|E ShEAA AE &4 BEf AH8n

2 grstgnt. =, QSFRSEMOAL: VSM dloelAle] BAA erdd HEw}

20 European countries—Making energy-related features of residential building stocks
comparable. Energy and Buildings, 132, 4-12.
5D A, A, AEA, IR, AAl=E, p.86l.
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Classifier®] 257 A% B7lete & 990 HS2H] loem, RSMe AH
DRoll H-gotAY 7Hd 2 AFAAH(Virtual Power Plant, VPP)o] &4 A2

A2 AT "ol ZEo] QIR
olof H|g] B AL QSFBSEMO| 0|22 F%E2 3t FE5FH o] EA
grzo] AAdAISH, VSM A4d-> Classifier 8<5-)> Extractor 9F4-)
DR-VPP HAEHE 2902 o]ojxlE End-to-End T3 mpojzmapels
=

5% 4% AFE Fold A9 APet e 2o 2EAQ HuAo
E

&4, Classifiere] &8 523 A4 &5 ol
A7 VIM Wi7olX 7 A E dgelote b
AE-E-FLdo AAG 7S] xR 204D 54 HH ﬂﬁ]e *47410}04
19 mAled 719t Classifiers 755k, ©]& RSM H|o]{o] HolA|A

8
o)
/@)
w
=yl
o]
w
@9l
<
L
olI

ja

=5 S A HISHE E5] & A+ posterior_gap= 83 &
5 AFE S DR HAY ARE Adgesd, du A77 oex 29
@7l 4°] DR A4 2 7hsdolaks Aze 94 Fele s
AR, =g 54 112 AAE 483t ExtractorE 7=ttt & A
T+ Hard/Soft mapping, Semantic re-mapping, Area_m2_hat, Year_hat©]
A& W —% = Zodote = 9454 & AAE F=5ke], RSM |
o[goflql AZHo] Q= AE H4S AR BT 4 S AT
o}, o= QSFBSEM—J Tx24 FHE Beketr, VSM dlo[eAle]-) A= dlolH

52) Neale, A., (2020), AAI==, p.39.
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A, DR AlZIHE oot g7 A5 7]9te] DR ¥4 4 o= Z4st
At & A5= Heating — Insulation — Area — Location. 2 E74H F 16719
2 &4 23S DR AIHER ARG, 20,0004 e RSMe] o2 &
stol DR Aluge] e 245 st 1 23 A4 Aldl § °F 2% +F°
VHkg NIHEZE AA AEFFY 9%E AAshkeE HE FE(heavy-tail
distribution)& 2150 ™W, posterior 7|HF A X} DR HF-E A}o]9] iz
£ qtEstel £4 7|9t DR BZg 9] A4 agidas AL
= pAsigen], o slzel m F4e DR Reld 43 2
£ FESH= A2 HHES AlAsHIH.

mpEre 2, 2 9k= DR oz AA &g, AdiE DR 59 &&
E

o

29, DR A% 79 A9 W, VPP 29 Hek AAE mgets
=g FES ol QSFBSEM B 4% £22 dol, /M wA
At ARAoz B Hse B4 Amei FRstcke HA o 2
848 Adet

= B a7t

QSFBSEM=2 ©est VSM AA-AZE T35 JdolA, =g
3 ol VSM AA->

2ntEnjgE 7|9F DR-VPP 29 EA 3H
lassifier—) Extractor—y DR-VPP &9 H=Fo g o|ojx= End-to—End A~

We FET A% AFes Yol Y aTsh WaEd Aol ek,

1.3.3 323 VSM =9 7|&8-AH474 29

= F oAb w
o] 4T 4 9 AF VU dolHE ATT 5 Y. 2y Feg

53) olF=, FEA, ¢tdA, olgA. (2024). TRNSYS $HgollA el thesiel shsg 5ot 99
A7t A7 BE B2k HgE A8 RS FEAES] SERX Yo s A
Shel=F3, . 18(3), 192-210. https://doi.org/10.22696/jkiaebs.20240017.
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AL FAA 7IHE FEagAz IRt 7le3, B84 A= DR 24F
%

o AgHAolt}s9s56), olof thgt Hko 7 VM-S 3 4
Ag Abd] Hrtela &5 A oA FEE A QA M3 tigt A

B7h LTS S BES)
e Auststs A% oux @est AAv B4 oux A st A
289 5 9 Zolp

2%, @Y VSM THL gadt ol A4 714 dol, B39 oy

54) T4, A", A4, . (2023). TEEFETA] W BTM oluz] FfAHA FAA
W AR AR 13, | AREEe] AFEIC] A 29(1), 15-24. https://doi.org/10.5626/KTCP.2023.29.1.15.

55) AAE, 3., AA=R p.359-361.

56) ARt 254, A4 FAT (2019). FEE AAE A =4S 93 AY 44 fd B
A gk rists]; . AEr1eRRs] Askets] =R, 2019(10). 271-272.

57) AAZE, w3, AA=E p.362.

58) =QAMA (2025). 2025 KEA olvz] H, | ozl 2t

59) AZAA ATt (2025). TAINIAF AHFLFTEAIR(2024-2038), . AFESAAAEE

=
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2.1 A€ 25 oyx 29| 7g
2.1.1 Top—down vs Bottom-up H|u

BSEM(Z& &5 oy RE)e =7t Be A9 &9 HdE oA LHF
A 01]—/:53}7] et HEC R, A SFFA(Top—down) =t 73k
A(Bottom—up) FTLHOE TEETI. Top-down AL Z7} Bl LA
Aol F odA 4 ] A ARE AAXNAEA AR, 715 ©HolH, A4
TFZot Z2 AAHe detsl AR Ee AR Rdde
A Holnel. o] WAL iR floly rHte g Al&9t 74
A A7NA BES gefste ° sk, iE dE 294 E4e MY

G| Hjogs}ﬂ ol AL ek,

2 AgHoz P

Ir
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—r|‘—‘ ii)]l
L’E
g

= =
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s
% 9l
TRNSYS E‘—! EnergyPlus Q% Algdo]d ®
A w8, A% A9, 2 &4 P29 2 o

A7 842 DT olFol FsekAR, WeiE ol g2 dlolelst Bas)

60) Neale, A, (2021), AA=E, p.18.

61) Neale, A., (2021), AA=E, p.19.

62) Heiple, S., & Sailor, D. ]. (2008). Using building energy simulation and geospatial
modeling techniques to determine high resolution building sector energy consumption
profiles. Energy and Buildings, 40(8), 1426—1436.

63) 477, A8, J&A, HKd, AT, S5, WAL, p.695.

64) Neale, A., (2021), A=, p.19.

65) Heiple, S., & Sailor, D. J., A7Ix==, p.1428.
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o, it Algdoldoll= Ade ALt At AlZto] g srieo),
2T 97 5FE Top—down¥t Bottom—upS A slojEE Hdg

AL e AE 501, Top~down HZH2 =7F 29 o] &H] 5
A
T

-

AlE mtetst 4= 91, Bottom-up HEHL A AESHFIFol digh A 24
< 59T T F A0E BEAY 4 k. ol HEW2 A7F A S/
Qs AXNA A=gat 7so] AHE gy B4 "ash nAd He
Al 28T 4 e HAA F5E T Qth 5] 89504 v
ANA AstAS BAS 4 9l Bottom—up HHol HAEWE A 2AS Bl
Fot= o f8stH, 1 A3E Bottom-up 57 %2 DRI dAASH= otolE
2]E wgo] A= }lrt67).

2.1.2 White-box 7|%¥F EnergyPlus®] 4%

White-box AlEelo]He 7A&o] AAZ ofFA o|UAE AESH=AE B
gyzoE AN BUR Bed I HoldE JFoR Sty 9
3 29e 71%0R JA} sk 299l Black-box Bgu 2,

oM 53] EnergyPlus?t 713
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Be m23o| T},

=i/

o)
flo ok

66) Neale, A., (2021), A==, p.38, p.87., p.132.

67) Heiple, S., & Sailor, D. J., AA=% p.1428.

68) Heiple, S., & Sailor, D. J., AA=% p.1428.

69) Solar Energy Laboratory, AA|A], p.1-4, p.2-6, p.3-7, p.5-27.
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[E 2-1] =& HEH Algdold 17 Hl&707)

Simulation Engine Type % of Papers Reviewed
EnergyPlus White—Box 60%
TRNSYS White—Box 15%

DOE-2 1%
Resistance—Capacitance Gray—Box 10%
Other N/A 8%

EnergyPlust= OpenStudio, Eppy, Geomeppy & 4 =7 S5ot =
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BeFabrt 7bs
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AgEol A FHs
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i

70) Neale, A., (2021), HAA=E, p.14.

71) Chong, A., Gu, Y. & Jia, H. (2021). Calibrating building energy simulation models: A
review of the basics to guide future work. Energy & Buildings, 253.

72) 2Ake, ol9A, £, Al Zel. (2023). AASE Bed FEFH B A
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7 A 2SS FAD 4 3l CREST= A4 df, 7Fd, 29, &
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# 4% 45 E4& NMBE®t RMSER 9 g 7|Ee=
EnergyPlus-BSEM o2 A= White—box 7|5tz AJFdH VSM A=
RSM dloJelete] H|WE Ed) r, RMSE, MAE, MBE®] A E& #HZE 9 &
Aoz A= gE FHIT= d3E FASHAH. EnergyPluse &7

718t & Fo *474]3?—1 A Fxo] AU E dHEA dZste] A
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E S5 AT & = SHFor B Ao H-golHt

8 oS Tiekd7)sts]; 2023 shAISkET S| =23, 2023(7), 1828-1830.

73) 71 (nd) ‘6.1 AHVVERG ZS|AME|AT. 714 APL 5|2, 7143, Retrieved from
https://apihub.kma.go.kr.

74) oFR. (2014). “FEFEO| oyx] AH[F HH ZAE S A5 =Y Aol BRE I
Zojtffstm tholel AAbsholm

75) S87. (025). oA R WY BY FE, . FeGRVIAA ATERTA, Ao
L'ﬂ/\E

76) 71eA8RIIE, AAA, p.47, p.49.

77) Chong, A., Gu, Y. & Jia, H., FAAI=E, p.6.

78) U.S. Department of Energy. (2019). Input for Output — Variable Dictionary Reports:
EnergyPlus 9.1 Input Output Reference. Retrieved from Big Ladder Software.
https://bigladdersoftware.com/epx/docs/9-1/input—output—reference/input—for—output.html#v
ariable—dictionary—reports.

79) Chong, A, Gu, Y. & Jia, H., A=, p.14.
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%
>

oo gk 1o
=

o> off

Rl

Mo e ofl >
Modu o
RN,

ox

119) =7p7|SdHol8AlE. (2024). A & 71 ¥S(ASOS) A=y, 7187, VA=Y E
gl Retrieved from https://data.kma.go.kr/data/grnd/selectAsosRltmList.do.

120) Aold, £4F. Q016). A +8 =S AT /1 An B Bk raFdoleHuTe
3], . 27(6), 1601-1607. http://dx.doi.org/10.7465/jkdi.2016.27.6.1601.
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AE 3 Aol 2 =Y FFFE KR-VSM Hetdolg 7t &3 Hr}.
Extractor= ©Y Alsjo] obd Generator, Classifier ¥ Extractor 7Fe] <%t
1 $45 &l 9N 2 57 BFo Helo] 45
KR-VSM tglolH HEE Al5et.

HA(FDZ, Extractor TAOIA FHF AH2H AE
Axe AA TN F9For 29SSty o
FA, @ F, A8HE, ASAEE =

3 ool mEtulE o] oz AtH D
=

gt Ay Aegel EgE ¥

4
%0,
rlr
ot
2
o
ku
e
n)
E J
m T
it
rlr

i)

o,
yg, o
>
AN
N

=

r

i
Y

Ir
)
=
fot
ol

i
t

o
il
>
lo &
i
4
o =

o
il
a0 o
o
—o|L rL ‘l
&)
o

rlo

i

& re
)
R

_>,:

fErZ g do Jm
A
I
o,

[o

o DR AIWES] $M&ost BES AEshe kAo =
20000414 HlelEE 16712] DR Al1dE= 7S] DR AIUE T
oo Thelule]2 gk Wel WA s}, DR BF WS DR o] 7154

i
s WA xS @A AIRMER" ER7 AFE, AIHE A 23]
AEEY. wixEte s A e Z4 dAFE)M= FI-F200A 51 AL
HE mEtelelg &85to], ottt VPP-DR 29 AUg| e FAst 71
WA DR E92 9 DR #4=% 29 89E 4d¥4e= Brieit)

olFAl At AlEdeld At AIHER DR 75w, VPP 2 o
€ 93 #d4a%, ol Ao W3] mE DR a4 % H§ df an 5o
= AFEHH, ol AAl DR-VPP A AA 51 A& A8 A &8E
AT,

3.1.2 3559 7|9t Archetype A|&3}t

3.1.2.1 SHebalg o] Ba
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[ 3-1]3 o] 2174¢] M}E}Hhﬂ% %ﬂ%:it}.

E 3-1] KR-VSM 1}etu|glo] B&

TE M Hl 3
Location, Year of construction, Building Type, oL
PME Heating, Cooling
Occupants, Area, Leakage, Occupancy Activity,
Window Type
Hybrid
Load Profile
(PMF+UPD)
Stochastic Lighting Density, Home Appliance, DHW QN
UPD WWR, Rotation, Aspect ratio,
Conditional | Wall RSI” (4] ©& £3), Roof RSI (A% &),
PMF Foundation RSI (A= &)
Derived Overall building thermal resistance category
Fixed Temperature, Humidity, Sunlight, Solar radiation AAS
’ ’ ’ g o] ¢

Z#) U RSI :Thermal Resistance Index (A3} 24
3.1.2.2 oEprlE o] AR £33

T8 mEta|E o] N8 AR {32 [F 3-2]9F Zo] JiE W4 EAE
nHsto] # A HlolHE 7Fte=z F8 Classg F
H §395 Aostiitt. & mEtnlE e 19702 Aoty add 24& AlEst
st 2170 mEtrlE 2 Asiglow, ZH2bo] mpetu|E& ClassE 42 Z]
o] mietmg o] AR diste] A& JH, A5=9 9, ¥ 55 F
A=E9 £4L8 yvehts HEY W (Qualitative) ©F ALHA A HAH]
Tt #2222 HiAste AR d£59 WH4(Quantitative) B A0S 7

2oz Aolstilr.

F

mE ol
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3 3-2] KR-VSM oF7[et e AlF 79
#ca o
Class name . Class description Type
Area 4 ~40m’, ~59m’, ~99n’, 100n"~ QN
Location 7 Regions in the province of 7 oL
metropolitan province
Year of construction 5 | ~1989,~1999, ~2009, ~2019, 2020~ QL
o Type of residential building, e.g.
Building type 3 Stair—type, Floor—type, mixed—type QL

. individual heating, district heating, and

H 4 ’ ’ L
catng electric heating, None Q

Cooling 4 wall-mounted and stand—alone, Inverter oL

type, None
! Profile A1~A4, Profile BBO1~BB07

Load Profile 7 Profile A—BB QN

Window Type 24 | PLLEF,SB ; Code SPEC Types ON
Average air infiltration rates ;

Leakage 6 | ~1,~2~3,~4,~55~ [ni/hnt] QN

Occupants 4 |1 to 4 occupants QN

Occupancy Activity 28 | (1 to 4 occupants ) X 7 activity QN

DHW 28 | (1 to 4 occupants ) X 7 activity QN

Lighting Density 4 Type of lighting & density ; low, mid, ON

(W/ m-7]1%) high, super (~8, 8~11, 11~14, 14-20)
BBO1->Energy consuming, BB02-)>Energy
saving, BB03-)M-pattern,

Home Appliance 7 | BBO4-)>Morning concentrated, QN
BB05->Evening concentrated,
BB06->Owl, BBO7-> F2t9] =3
Window—to—wall ratio ;

R > 0.2,0.3,0.4,0.5,0.6 QN
Rotation 8 10,45,90,135,180,225,270,315 degrees ON
Aspect ratio 5 10.8, 0.9, 1.0, 1.1, 1.2 Shape ON

Wall 4 Vertical envelope thermal performance ON
RSI values [mK/W]
Conditional | Roof
6 | Roof thermal performance values QN
[wK/w]  [RSI
Foundati Basement/foundation thermal
4 QN
on RSI performance values
Derived Overall 3 Overall building thermal resistance ON
K/ W] RSI category <1.56, 1.56-2.25, »=2.25

X cat: categories, QL: qualitative, QN: quantitative
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olg7] ERE 7171o welulEL Bhgd 2ol W4 ClasE sl
% 3-3]7 2] classoll Z2Fe] FH(Value) AlEskslod Hofatsich,

¥ 3-3] KR-VSM mt2}a] e 9] Class A|&ESH

Class Value Description Remark
1.¢40m, 1.459m, | ofmbES] WA 7|Z 40,
Area QN

2.499n?, >100m*~ | <59w’, <99, >100m’'e.z2 &
. dauae Fos Azez 7
2.GYEPONGG]I, }

FAERE TR epwe] A2
3.INCHEON,

Ae-AZ 2024

Location 4.CHOONGCHU | | QL

NG, SJEONRA, | 020 e
6.GYEUNGSANG o
7 GANWON Hlgo] 31.4%=2 A <)

Year of 1.~1989, 2.~1999, | A9, 7 "oz Ak

o 3.~2009, 4.~2019, | AA 71%, A o2 QL

CORSTUCHON 1 52020~ BER % 597 BR

Building Lotair type, AgA], BrA d81
2.Floor type, o o QL

Type . sayger FE
3.Mixed type
1.Individual

| Heans ey opohy

Heating 2.Central heating Aejuroz QL
3.District heating.
4.none
1. wall-mounted

Cooli 2. stand-alone HPol|y, AEY, AARTY, oL

oolin
8 3. system types a8 oojd wEfR i

4. none

Load Profile —A ; | Load Profile-A ; Al~A4
Load Profile | Af 14 1~4% Load Profile-BB: BB1~BB10 QN
71+ BBO1: Basic.
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Load Profile —BB:
07 Type SJefwio]

g

Load Profile A-BB
. A+BBO] AAIE

4

BBO2: Energy Saving

BB03: M-—Pattern.

BB04: Morning Concentrated
BBO5: Evening Concentrated
BB0O6: Owl

BBO7: 249 &3t

Panes(re] S): 1=,

2=23, 3=4%

LLow-E §9);0=¢12, 1=35}l&=

P(1,2,3) 2=ATE 3=+ g
L(0,1,2,3) E(Ensure Gas);0=27], QN;
Window E(0,1,2) 1=ol2 &, 2=3YHE F24%E
Type F(0,1,2,3) F(Frame);0=8]"¥ <F0|g, o] HF&
S(0,1) 1=14d d=Ful&, 2=PVC, Type
B(0,1,2) 3=27
S(Spacer);0=¥Fnv]g, 1=97]
B(Bin-SHGC +%1);0:<0.30,
1:0.30~0.40, 2:>0.40
1. ~1, 2.1~2
’ ’ FEWFHE, 2025 vz Aok
Leakage 3.2~3, 4.3~4, o QN
A3 AFE A-T|F A 12D
5.4~5. 6.5~ 8T 4715 s A
1.(D 1 occupant
2.(2) 2 occupants
Occupants QN
3.(3) 3 occupants
4.(4) 4 occupants~
Occupanc (1 to 4 occupants ) X 7
s oo QN
Activity activity
(1 to 4 occupants ) X 7
DHW 1~28 - QN
activity
Lighting 1. Low Low:~8
QN
Density 2. Mid Mid:8~11
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3. High High:11— 14

4. Super Super:14~20
1:1 BBOI, BBO1-)Energy consuming,
2:2 BB02, BB0O2-)>Energy saving,
3:3 BBO3 BB03-)M-pattern,
Home
4:4 BB0O4, BB04-)>Morning concentrated, ON
Appliance ) .
5:5 BB05, BB0O5-)Evening concentrated,
6:6 BBO6, BBO6->Owl,
7:7 BBO7 BBO7-)724+9 =
0.2~0.69] 7zt #7t& 20(5%),
1: 0.2, 2: 0.3, 3 S G%)

WWR 30031%), 40(17%), 50(44%), QN
0.4, 4: 0.5, 5: 0.6 i} _
605%) 2 2t 1= A&

12 07,20 4573 Rotation of the building with
, 90° ,4:135° ,5: .
Rotation . . respect to south (90 QN
180° ,6: 225° ,7:
270° 8 315° increments)
Aspect ratio | 1,2,3,4,5 1:0.8, 2:0.9, 3:1.0, 4:1.1, 5:1.2 | ON

Building metmlEli ghaelui 2 geke] A%R| o2 Aot A 7% )

A(2023)eF WS HL] Z|AAE] 7)e7]E wiRrdelA ZEeR AA"
AWFS(U-Value)9] 3228 EnergyPlus 18 Weof Hetw]A RSI gtog
Agkste] [® 3-4]¢F Zo] A, A5, et 123 AA|R H4E Aot
tH2I120) 7|4 HojE AT 2 mK/WOoR WAT FAHF grolw 3k
o] F45 Td Aol ¢4 AL yehdlth QN9 d&E HEolAH,

Aol gkl 5

B
ole
i
ne
R

121) FeA4553 (2023). AZEQ] ofivx]def AA7E sidA4. 2ERTE.

122) 39, (2018). ouz] Azt gael AAGS 1=iet Sy A9 3558 ojn 45 2
A, dAANdiste tisty, A&F st A =R

123) 744 27AA7ZAE. (2023). TAZES] oA AAV|E A (H12023-104
3y . FEIFE-EO R

124) 2178443} (2022). T71AMAN] 71€71F viRAEHFE); - AENTE.
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[ 3-4) WY sehulEe] 4o

Class Value Description Remark
Wall thermal resistance
Wall [1.0] (0.5,1.5) )
value. Values in square
thermal [2.0] (1.5,2.5)
) brackets QN
resistance [3.0] (2.5,4.5)
represent the mean value
(m?K/W) [5.0] (4.5,6.0) )
for that bin.
[1.0] (0.5,1.5) Roof thermal resistance
Roof [2.0] (1.5.2.5) .
value. Values in square
Conditional | thermal [3.0] (2.5,3.5)
brackets ON
PMF resistance [4.0] (3.5,4.5) X |
(102K /W) [5.0] (4.5.5.5) represent the mean value
[8.0] (5.5,8.0) | for that bin.
Foundation thermal
Foundation [1.01(0.5,1.5), .
[2.0]1(1.5,2.5), | resistance value. Values
thermal s
) [3.01(2.5,3.5), | in square ON
resistance
K [4.01(3.5,4.5), | brackets represent the
m
[5.01(4.5,5.5) mean value for that bin.
Derived from the roof,
1: <1.56
_ Overall RSI wall and foundation
Derived 2: {2.25 ON
(m*K/W) thermal resistance
3. >2.25
values.

97 24 setulEE 7439 RANTEAE20220E Fastel [
3-519t o] W42 Aelstart. 91
ARVA, A9H, egHoR AR

o ~1—

27 Fixed M2 A5t €7] 219 Wz VMO A4 w7 oflA

— = :rLT]:L]‘
H bl whet AR EE WAoR AT o4 ¥ £HoR 2k >
30C, % > 75%, GAFF > 0.95hr, 42 220 M/ 502 HEZ O




[ 3-5] 917] 27 e o] 4o

Class Value Description Remark
LOC o) o5 A1z 4z passen
Outdoor 2. 18T _ _
. 713740 AR ERel it 2 Fixed
Temperature | 3. <30T qolee a1m)
4, >30T~ = =0
1. <40%
Outdoor 2. <50% 7] FE 2AL 4TAR T = |
Humidity 3. <75% Hlo| |2 8r8127) Fixed
4. 275%~
1. €0.25hr
2 O3hr o) gzare snilz 4R
Sunlight 3. <0.75hr 1% [hi] FolEE L1 Fixed
4. <0.9hr = ee
5. 20.9hr~
1. 0.5
solar 2. <1.0 7] dAbF 22 AGAR 71449 .
radiation 3. 2.0 AAHMJ/m'] HloE S g-8129 Fixed
4. 22.0

3.1.3 Archetype ¥4 A4
3.1.3.1 PMF/UPD 7]¢t &5 w#4 A
i metelgrt Aojd o, opefst Al EAS BAKSH] $I8l 8 B,

o
o=
A& AL 23 5o mengE gE ¥Har AASHH. ol 96l
s X

PMFe} UPDE HalstH, of7]o] epw

A% A4S Frletgleh @9 KR-VSM dlojelAle] A4S 915 w4 A
AL A gHER ZESISHE PMF, 94 B3] 7]kt UPD, Z7AR9

126) 7444k43t}, ZAA, p.23.

127) #5443}, HAA, p.38, p.213.
128) #=7443}, HAA, p.43, p.154.
129) BEARAT}, HAA, p.161, p.248.

= =
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Conditional PMF, &4 UyXx Hs} o 9 o W4z LB 7t
B5=0] b Aolel 7S QSFBSEMS 7|Eog F8d}y, 3t Z55E 9
£4E wtgs] o& BAE FAISH

= Area, Location, Year of construction, Building Type,
Heating, Cooling, Window Type, LeakageE AP Eirof et TE3} 519
. Window Type2 QSFBSEM<®] Hot2000codeo|A FolH 24%F BF I
of Tt HF2Aow [F 3-6]7 Lol HEsitt. #4d P-L-E-F-S-B&=
ZYZy () Panes: 2] F4(1/2/3), &) Low-E: Z® FI(0=%12, 1=5IE,
=43 E 3=HE|FH) @& Enclosure: 7}~ FHA Z]A(0=%7], 1=°l=2,
=39E), @ Frame: HE AA-FE F£=0=Hztd Al 1=dF Al
2=PVC, 3=FA), @ Spacer: 7Hg FJ0=Al, 1=¢ <#]), ) Bin-SHGC:
HEd ASE #2H0/1/2) = wigste, b AE5rt Ao Austes 74
oto] 7] 2tolH P 3X4x3X4x2x3=86470¢] o2 HFIoI

[\)l\)

E 3-6] Window Type mtatu]e AA o] 2]

T U8 49
2z A P(Z4), L(Z®), ECIL), F(ﬁElO‘) S(&H o] A)= Aol
7524 w0 Ak, U7 9 BAF ARE A%stke 78 84009,
(interpretability) P-L-E-F-S X2 A4 4% —7—‘1]% A=A AT,

sEamess | gad i GAI, St BEe] e 39 41 5
B9 AN SR | AU 2o gao) U 54 22 Asel 279 Q¥
w2 453

Leakage: FEZ0] 4% 70¢ iz A§dch PMF ERSE ofF
Wy W] dste] b/ EARFE T WAL WAG A B

A FE0HE, ool [& 3-7]9] ®ig 3 ofF mig 22 7 A8
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A W | o g o] 13 =
HEHA130) 174
Building — o _
T P4 BEEHEAE | FELSHE 2024 QXLFHE
P AR BER P | ZAH 7)E
Area Location, o
- Hel 3 WA <40:10.2%,< 59:30.2%,
ear o }
. FA/AS E2 <99:47.9%,>100~11.7%
Construction -
ok w4 =24
2024 QIFFEHITZAL 71E
A= FA A 715132
2|98 Abd "= !
Location | - rjif— ¥ & A2:14.8%,917:6.1%,7371:27.
25 8% %7:11.9%, 42+ 10.3%, 7
A:26.1%,739:3.1%
2 e
Year of Building AR 2024 AFFEITAL
c T A F7HE ARE ATH33) 1 ~1989(6.9%),
onstruct | Lype, LS ~1999(28.7%), ~2009(26.1%),
ion Location ~2019(25.2%), 2020~(13.3%)
F7F dlolE uhAl, 2024
< o E o} =
Building _ CESEL 109 optE &) 71
T Location PMFZ ZH3} A 1 134)
ype = stair(68%), floor(15%),
mixed(17%)
ST EXFE FA4 % ointE
= ShA EA135) =
| | Ao mgg/pAe | T T8 EAIIE
Heating | Location - Tus N 51.7%,
THE PMESESE | genanen, s
14.7%, 71et: 9%
KESIS 7Hd-d% H5E, =7}
oAzl A4 % HH A|AH
Cooli Locati 219 BgE/SA | 132020229 71&) 7+
ooung | LOGRNON | o pyip mmst | olUAEERAL ATFEIG)
Wall(50%), Stand(46%),
System(2%), non(2%)
Load ~ BRO1: Basic. Clustering of Load Profiles of
Profile BBO2: Energy Residential Customers
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Saving

BB03: M-Pattern.
BB04: Morning
Concentrated
BBO5: Evening
Concentrated
BB06: Owl

BBO7: F2t9] &9t

Using137)

Neale et. al.2] Windows
o2t E 9] Hot2000code 2]

Window 1392 W5k AEQEHO
Year AR BEEMpE | 1 ARE SEE
Type e =4 oldzdery MetgFd
B A& e TEoR
. =u
Building A7l 2AO SENFH, 2023 oz
Horsl A= AXIZ
Leakage Age, PMFo] A 7% Al dory X sd Adr]E
Location 3] A A]139)140)

2) 9149 UPD ¥4
+ KESIS =7} ov2] A SHHE A28 A132H2022d
712) U ZA ARBEE v R M= 1770 A9 718 dE
Ste 7HEC R 73997 E R XARHe] AY ®HE RAME F5tY

ol

Rotation ®54~

130) FEPABRTL (025). “EAID A FE WA A ASIS g A ALY, 5
Aot AlgY oM Bk Ztm”) 2025.1.20. = RIS,

131) ZARHES QJIFE2ANEE, ZAIA, p.76.

132) AR S QIFF2AREE, ZAIA, p.70.

133) ZARRE S gAY, AAA, p.77.

134) FZrelolEmFzl(2024). “2024'd 109 oftEGZ] 7|EAHR". LXIEX YR -FAR () Het
L. Retrieved from https://geomarket.kr/user/dataset/view.do?data_sn=25.

135) =ERE FAFE. (2023). “oFtEFALEEA ¥2H2023)". FEWLFHE. Retrieved from
https://stat.molit.go.kr/portal/cate/statView.do?hRsld=33&hFormld=&hDivEng=&month_yn=.

136) &8, old. (2023). 7oA RAlL A4, . FHAAPAAIATAKESIS). Retrieved
from https://kesis.keei.re.kr/board.es?mid=a10306000000&bid=0060&list_no=2116&act=view.

137) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K. (2021). Clustering of load profiles of
residential customers using extreme points and Demographic Characteristics. Electronics 2021.10(290).

138) Neale, A., AA=E, p.62.

139) FEAAFF}, (2023), HAA, p.126.

140) BFIA, A1, (2003). AE55TE9] 7|dAs A5l Bet I+ A HEEIE0t
==y , 303, 43-52.
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ZAE AT 9 3ETEHY Jeke Vo E A" WFe sAE =
o7 AZSFAT4D. Aspect ratio®] W =UlolA A= %ﬂo‘ﬂ] odH o
T Wgol HEHT PAR AW Ao QSFBSEMe| #H8d 584 #he
Zlwor A5 o w5 BREE EFISIH4 R& AdnsH
oAl F7HRt 20259 oA Hoby AT HAA7IE HdAY [® 3-8]
of 2H YR o7 ofES] A9 45% o|stE Hilstal Qlrhldd)
[Z 3-8] X FHo] HFHAH] 7|F144

Bay4 1 2 3 4 5
7%

A | 20% oI5} | 25% ©l5} | 31% |3}t | 38% ol5t | 45% o|st

718k | FAAE[%] = (0.0689 x Bay = + 0.1044) x 100 AAHgk o5}

¥ g A2, Haraps, B2 430099 & Fogae 44 FATAE ALG 99

1

A59 HeE [E 3-9]7 o] Hoten ol —‘?—ZlHJPJ S T
2] 297] ehdoll otk MFFAME SOt FUARE Ad =2 VIeeR A
HAHE 20%~60%7HA 2 ZAFE ZAFES vigroz  20(5%), 30(31%),
40(17%), 50(44%), 60(5%)% ZA-ga}EcHdy, FEHA FAS By ZAO

= X

2 83T, 7 bindld BE-EQ Fe] BF - BERA- U9
&

[es
o
@

aq

~
=

&
=
o
i)
)
rr
jin
1o
H
e
o
rlr

f it
)

)
ol
ol

Aok Xq—Ff—ri(truncated normal)E 7|E O
= 1:]1]]:,]- _r___hl;//ﬂ-71- Hia A—]FJJM- 2~ (}Zg\]:]-

Rotation& 0/45/90/135/180/225/270/3152] discrete seto]A|%F, djo|g
A mrolZeElRlofA= UPD & Hob A4z AARitH4e), gge A%

141) Z71URAEA FFAHBAA (2023). “KESIS Z7FURARA A — oz 22 A A}
B AR ol R PAIRE] Retrieved from https://kesis.keei.re.kr/board.es mid=a102010301008bid=0003,

142) Neale, A., AA==E, p.47, p.52.

143) *ZI—E—]u‘Zﬂ@‘ETT_ﬂL—‘} (2023), ZAA, p.132, p.260.

144) ’29’_}@4 (2012). TASFE oix] Aok 9t Z5 AA 7lolEEkl, . FENSHEE

145) Zc}ié%, A, oFs. (2010). A=A} FHAH] e FE5He] A= v &&
5 37t TeEEHgARESE] =83, . 3005), 38-45.

146) olLbe, obEE, Aok, AEE, FEE. (Q013). Foo| A% 9 ARe] FHAH] G 7]
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UPDE Classifier @A oA KESIS =7} oix] 54 ¢

(20228 712) 7HolldAsid A 2R E Ao g t=d 2aAld 3
& Agsiact
[E 3-9) Q14 Wae] wetueld AT 48 7z
we | EEEACE W A4 74 27
A= HE PMF over 0.2~0.69] 7 F7t& | Apd|A 52t
0.2, 0.3, 20(5%), 30(31%), e mg
{0.2~0.6}
WWR 0.4, 0.5, A5 94: Beta 40(17%), 50(44%), | S&TH A=
0.6 on an gy | VOPE AE AuA £& S5
s e e Hgg Ag T 7}147)148)
718 #5 PMF
° ° "N":0.021,
0 ,45 " n. N, o] = = KESIS ;:'_11-7]-
90° NE":0.07,"E":0.09, | 4391 § w5 x| EA 23
> ’ "R ==3] A 7F © °w
A S
tat :0.527, & 2 il ,
otation 0° ’225 ) - o\ma o T = 13Z]'(2022]1’:_] 7]%)
SW":0.084, p_south® 7}5& TR
2707 | 0,032, PMFe] #t AE) A
315° NW':0.07 o143 ZAY ATpE149)
=4 =
0.8~1.2 T
e O Mold AR 2L
(B3 78 Tl e o2 B 54
. ) Uniform(0.8,1.2),
Aspect ST UPD=Uniform(0.8, He o)A Neale et. al.9]
ratio 0.8, 0.9, | 1.2) A3} gA: - shape stetug]
5-bin(0.8/0.9/1.0/1. o
1.0, 1.1, | @< A4 TN 1122 apae A S
1.2) ’ - TAsHA 28150

z gExee)

o 2ndly

et Ak

b geed st el =24,

http://dx.doi.org/10.12813/kieae.2013.13.3.071

147) 28, s, o<,

148) AdeHATY, (2012), AAA, p.8.
149) =7t UASA SRHHRAILE, (2023), A

A=, p.39-40.
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3) Stochastic(A|7F oJ&/U 7 75}
ARRE o] W= [E 3-10]% o] Occupancy Activity?t DHW, LIGHTING,
EQUIPS Hfat 2(1~d%h T744e] ouixias] Sese Fe|BRe] 23

o7 AHoH 287 m2utUdS AREITHOD,

olg2 1A E99 e Al

ALz AgAdElo] Fob FAHo] ZH wrgHnh Lighting Density®t Home

Appliancer &
@elo] A7 o)

HoA Stochastic 159
Kotz Tk

e,

gsdAH 2ASH 4

[ 3-10] A7 oI Hsfe] sebuleid 7247 48 71
H 23}
e 2 U w9 24
Stochastic | @ 7F<=
) e KESIS =7}
wh= | éﬂ] e AR A AE15) 7%
- o]
Occupant | 1~47 ZoE LY = (el / DHW/ = 1%;17.7%),2“5](34.9%
F A | Bape A ),3%8(21.4%),
1 tﬂ
ot 24 | Adom Ag 475(26.1%)
7hE ol B 77H
] A‘]EH
(1~4)x7 = R
Occupancy 287 Stochastic | &E% 7|gto g
7 .
Activiey | T AAG | LFEATE Clustering of Load
Z=xtd ID x40 XA Profiles of Residential
XA Customers Usingl153)+
(1~4)x7 = 25/85 Azl CREST ++4 2&
Stochastic | AL ZEE 24
DHW 2874 AL e SEHCR
=20t D RS
e Fhe e Ad-) | dAwFR, 2025
Lighting Low / Mid / | Stochastic | &%/UAL 2719 Uz Aok
Density High/Super AAE et 27 Fot A T8 Ad71E
AMAE B S A 159
Clustering of Load
o -BBO1~-BB06 Stochastic | 171 AIE A= ] Profiles of Residential
. -BBO7: %29 . g5 ~AE7 2] | Customers Usingl59+
Appliance 54 1A<E e Belz gy KESIS =7} oA
AE A 2E 156)

150) Neale, A., Kummert, M., & Bernier, M.,

A=, p.53, p.88.

151) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K., AA=&, p.5, p.8.
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2% 9k wenE o] Feolls 20259 ERFHO oyzdery e
FH dA7E Ao mEH 29 9RE oW/meR AAstAY dH
LED AldS @istal ek Eh, AW LED 2oz AL Zeele
86W/m' olsls ST A= dilskal ks

olel BrelH A} Aol TEFE F7 2 F 107 Fd& 20094 8
d279~20108 14 18U7HA] 570 ohmtEGA]E AR Ay AA| F&FH
of x4 %%?—E‘.‘PJ AAE= A~] typeHA & 2070 REe=R RSt

g

=
A 12.34W/m~26.290W/mf O 2 ZALE| I THSS),
131‘/} o[yt A= HAS HEE A FF  HIZ(Compact
Fluorescent Lamp, CFL) S4HCo2 %o Ax|H 7|£o=2 2020 o|SHE

+ LED 2¥5o= AW A7t Hi Q3 75 offES] Heok &<
F7F At CFL BtYo] LED S7I7=2 sx¥or A=A Atdoz F
539 oz Ui W/ m~20W/m* £&0 8 BIEo] Q= AL 7|&
o2 ~8, 8~11, 11~14, 14~20 W/m'2] 4dtA| o] Fho=z Wa4E FASH
=8

olg|gt 7]%&S HIEO R Lighting Density= [¥ 3-11]¢] 27082 HLE
ARG WA AZAE 1~2(~1999d % o]H)o] AL AZo] HgH o
BB xyo] CFLY =27 =z H8xlo] 9o HES(Household Flectricity

Survey)oll @2 CFL-2 LEDe] H|ste] T §-80] 66.9%= vi& 1.49, &
27 HZE 26.1%2 3.83u) QAR S, o|F W&A¢] HIfe] ufet
47 B LEDZ wAld Ao st 3o via2 1.52 skl

e

152) =7 UREA EFARAIAE]L (2023), AAA, “}. 7Rl Tt ALY,

153) Jeong, H.—C,, Jang, M., Kim, T., & Joo, S.-K., A=, p.5, p.8.

154) FEALATFI (2025). Tolux] Aok 5‘19}75151—5—1“ A471% A, . FELFH.

155) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K., AA=&, p.5, p.8.

156) =7t UREA FTHFEAIAH], (2023), AAA.

157) Fez1/48g7 (2025), HAA, p.158.

158) ojF%, FHFE, A4, 9. (2010). F&FEe Ay T 2PHLAT AF. Mgt
AESS =2, . 26(12), 45-56.

159) Martin, C., Tebbit & J., Bernstein, L. (2023), AA=E, p.8.
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[3 3-11] Lighting Density @tztu]g A4 A

Lighting Density
T Hl-& g 7= F8 &7
[W/ ]
, Lamp
A5dAx: 1~2 | X 1.5 | CFL 10~12 _
efficacy160)
; CFL+LED ZEEl A

A= —

ASAE 3 X 1.1 - 7-9 R
; = LED EgE
= N = _

AE5AE 4~5 | X 09 | LED & 6-8 = 162

ASAE 320099 o]A)e] Aol CFL¥ LED =i =27 fHxrt
2AStE AR FESE AY 2 d%e] dig Ad =RolAEs AT
ol ASHIRAE/IESNAS] #F 7]Fo] FHo] A< 2010W 7|& 7.5W/m-S
HASE AR 20108 FAF GA] AA 12.34~26.29W/ 2 ZAFE Gl O™
B 29 U7t 172W/nf 02 A ZAEQIeHe3),

AFAE 1~2 71 oiH] AA AF Al LED £2%59 &9 Hl&|
20~40% o2 A AFH AZIE 1LHste] B Hle 7ISAE 10%
AreFsto] 1.12 A5kt

1=

AZAE 420104 o])9] Hfol= A5 Al LED Hgo] SHtrglom
2020 o] 2 AF FEFH2 e LED 2oz HEH Qs AL
= FAsoto] Agoilet. AHAuTHY oyzx|dery e Ad7]E
met FEFE] 2PAA 7o) 8W/m' tiH] ul= o] Aok AA|7|E
A zW oz A4S 9% ASHIRAE/IESNAS] B4 29 UL E J|&Eog
75W/me] 27 HE o8& 7S XSt Fd #ES 098 VISR 34

85} thes165),

160) Martin, C., Tebbit & J., Bernstein, L. (2023). Lighting, Cooking, Electrical Appliances
and Incidental Heat Losses in the Home Energy Model: FHS Assessment Wrapper
(HEMFHS-TP-04). Home Energy Model: FHS assessment version: HEM: FHS v0.18.
London: UK Government, Department for Energy Security & Net Zero

161) ol HFE, 449, HAY., A=z, p.50.

162) =934, (2025). TKEA o4z ol Ba|d, . Vol.276, 2025.10.13 §H=ofuix]-2et,

163) o7&, HEw, A4d, WAY., A=z, p.50.

164) FEHEZFT}, (2025), HAA, p.58

165) olXs, HFE, Had, HAY., A=z, p.50.
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3.1.3.2 ZAX PMF ¥4 AA

+d EAo]| diste] Wall RSI, Roof RSI, Foundation RSIS 44 &&
W48 Aolstyl, 7k B o £35S 0.5~1.5, 1.5~2.5 59 77hd g
W& 2= 20F PMFRE AAsigh ol=et #fl= REnEH TA5E9]
offqxder AA71E(2023), oA AAE 92 5-vte d¥R-a(U-value)
71&& RSI oz Wghslalrh, 19903 oA 7% F5FEolA 20184 o]
T 1gd-AR YA 7 o2 U d= ey 459 7S wtds
3}\1:]—166)
[# 3-12] & o SERSD 2§ 7]&167
RSI #¢]
T8 afl4] =7
[ K/ W]
. - HER A8AF
-195801’“;990“5_]‘41 Siaere) AM7)Z= A« 7]%
Overall RSI TETH Zj%% 71E gstel
e 99 U = A2
¢ 156 0.60 - 0.70W/m’K 'BQS(FBSEM a A
o = BIx0.5-1.5 B
—l—r_o %OE:]Z % gL . ] . [¢JRUE
o, JEA 1.0)ell 53
2000-2018¥ &4 7=
1.56 < NA HAS Z== - QSFBSEM ZAXH
Zdd | Overall RSI | -9J¥ U = PMFO] &
< 2.25 0.40-0.60W/m’K TH1.5-2.57 A
-AAH F GA 9D S5
2018 A& ofuix] A% - FER AR Yz
© Il ZEf =
Overall RSI A ol T 7]1_—(U £_0'30) *
A= 918 U < 0.30W/m’K T2 A e
2 225 _T4L gdy Az - QSFBSEM 3% %
2]-2.168) 1 g A7 AX]
166) 7/datdat =712A471240H, (2023), ZAA, p.18, 134, 154, p.242-248.
167) 744D} Z7PAA7124H, (2023), p.122.

168) HFdA, &AL, (2003).
=541, 303), 43-52.
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oA MELH %kg 7IRFo &2 SpA|R, A Aol gt o o AT #F9
Z]3E 2l Overall RSIE F7Foto] [E 3-12]9F Zo] E=E35FHTHT0, Overall RSI
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[
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N
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=
ox,
"
lo
H
=
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52 7= WS ojE 222, 20189 0% AR oy A% olBsw
AgE A% gEFEel vl A% WS wgeh,

ole} 22 A-F W 7|FL QSFBSEMo| Attt AMFe] AB AES
BACR TEF VSM Archerype©] T 73F FEo} ehelsiAl AEAS 7t

169) Neale, A., Kummert, M., & Bernier, M., (2019), AAR=%, p.3395.
170) AdY, HAR=E, p.26.

171) Neale, A., Kummert, M., & Bernier, M., (2019), AA+=&, p.3395.
172) U.S. Department of Energy, (2019), p.176-178.

173) s, AAEE, p.30-32.

174) A&Y, AA=E, p.30-32.
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3.1.3.3 Fixed €A W4 AA

Temperature, Humidity, Sunlight, Solar radiation2 7]47golA Hrasgh
S 7Y A5 AALS 71 AR ARG AuEe Foj-iEA HE-
Hdof] &goiiltt. ol FF A== = KR-VSM Hlo[gAl 9] no]
Aol e AAl AZHE Fh& ARBSEAL, ZF AJFo] ol 3te] &Sh=AE
Bz Fols| 4£autksg 22 Ao 4 ek olHe gEHs AAs

Generator @A1A 200,000709] At FaF S-S A4, 714 dlolE

R

o g8 BAL Fotel A 44 o2 BY| oy doldz Ay BE 7
55tk 53], QSEBSEM mdlo] Attt BEFd] s & W4E 28
P AL, B AFAE HRe] Ao FPHEs BERY 4 Fxo}
g @A WeE Stk Wero s sgshart.

3.1.4 =99 CREST AHf 24 ALHulo|A

CREST mdle 7l #4¢¥ df digdd d=9 75 AlEdoldste
B, 9= ZEAEHE dolHE VMo [# 3-13]9] 7|Ee] w
AAENT. I8y ot SEFEe] AY FA, PV BEaE, AEE 7
23 e d= 2] e, ol IdE H8F A¢ Fob -
Adde] Bt wakA & Aol CRESTE Hi 2AEY WiF F
st A4 =4 [E 3-13]% o] d=xdoz FAHuo| s

olgdA AAHuUto]YH CREST ZE-2 EnergyPlus 7|8 &- @ Hol A&

175) oV, A==, p.30-32.

- 51 -



dloldat Agstel, Z14Hel 7] A Q4o ABSE A W

VSM HlolEl A AATTHTO, o] HlolE e s} ok

CRESTY] -717] A4 W&e AFo2 WAste] DR oMl Ti}E

I 4 glom Eqdo] WARS © DR Aueleds 44 L& A, o

HA717] AHE AS AT A9 Bt gEd ATA 2H A5 A
2k

7H4) 7Vs8 2= 9lon] DER 293 ek 7k} 42 Ajgeo}do] 28 4 QIcHTY),

[% 3-13] A& 2AZ ¥ ¥} 229 AAHUolA 7%

g 2A=E W Bst 229 #AH nto] A

g e | TS WY ET Aol GFAG =1, R LIS

e W] P, Ae-olE-H ANE Aol Basio)
SAA 120243 =9l AHEAZEZRAL, H|o]E]178)2} Electronics

£% 20219] oJUi7] zu] SFEAHES W),
LoadProfile®] tigt A7-(2014)18001} =7}ofuy] 2] &4
FTAHHEAAR 132120224 7]15) 7HEofu A sfd A

A Rt | Anmsng Azom ge] 2907604 WAL, A7

T & WAL, a9l Hr] HE =2 dE AMSEES HrYsta
B W watel FAT 371 5 T 559 471717
AHES Y] &H] SHAHE 7[EoR2 Y BEY 7t
7145 A 718 BS AF18DE 7EoR2 o5 35T o4

ABVE |24 ol A B dho] e ool H5ET Hot H5EL,

LIS A&H Got 12T olst7t 2 ol A] st Srof wE

228 =7} A71dL717] A+ S7heS 7R AAstnt ol Fol

! ==
st ZHo] A A4 27 W] FAHOZ WIHEE g

176) CREST. (2017). CREST-Centre for Renewable Energy and Sustainable Technologies:
Performance Report. South Pacific Passive House Conference (SPPHC 2017). South West
College / Queen’s University Belfast.

177) o7, AAA, p.36.

178) AtalEAIS AFSIEAZ1 St (2025). 202410 ALEA=ZAL Aty . BAA.

179) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K., AA=&, p.5,,p.8.

180) Seo, Y.-K., & Hong, W.-H. (2014). Constructing electricity load profile and formulating
load pattern for urban apartment in Korea. Energy and Buildings, 78, 222 -230.

181) =7tlUAEA TP EAAH], (2023), HAA.

182) =7F7]1%dolHAlE, (2024), AA.
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&R0 Aelstr,
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RS Aot

=5 25 vetoly 2
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Zgdold A2
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: z9e
5 9l 714

19 [D 7]8t T

+ CsV 9l vetHlelE 44
«  CSV+Parquet

e A%

6-codeE F 3 iy

[(1" 3-2] EnergyPlus—Python ¥ Alo] mto]a}el

3.2.1 948 A 24

A oA B 98 A4 SAeIAE e
Ao)H Archetype 2xE EdiZ, Z 7}LE

o=
(Year),
(Window_type), 2|11
RSI wall,
Sl Teigiehsy, 7t

AN
T

BT pALoRE

-8 (Area),
waraFAl (Heating_type), %
G (EHA- 2] 5-vg e R

RSI roof, RSI floor, Overall RS2 XZgsH=

=7} A= A,

O_x_, FR

Tet A ARE v o=
Aol= 9 HeES SE4

A9 (Location), A=AAL

WA (Cooling_type), #3S &9
Agter 7tz

on 4% WsE

ozl Aok A4 &, &

183) U.S. Department of Energy. (2023). EnergyPlus™ Version 23.1.0 Documentation: Output
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st mgate] AAS 918 A-BB P49 Load Profile Z=5 04‘*%} o
9l %x}(AE1~4)—t— 7 A8 FA dEE Fel 5 oAt 2AHBBE
A 2

N

HAHE YEUH, o] 28-& 5o 24 28F9]
Aste s AASHAH. olHT *374]% v o
Python 23 HEOJA U A -) IDF +4-) EnergyPlus A% -) &9
FE2 olojzE A3 mo]mel-S Batch fileS E9 i%’é}—‘;— -
7Htoll &9E CREST Kot F=o] tfg=e AAE HE3S EnergyPlus
Alggolde] sttt olF Foll A% 1AZE s A AR Aot
AEog AzEn HEHOR 3659 71E9] 87608 AAYG M Hsp T
sutelo] AYHES A5,

ojeff #o} AAES 7FHE HF(Occupancy), % (Lighting), &2 71-7Hd
(Plug & Appliance), 2[DHW) ARE #iglS ZFesto] Aitst, 2024
REAEZAMSE 71Eg o|A] 4H] A ARE HiEe R AHE-FE-A7
H ARg gEo] AFAHT. CREST H35F AAIEL2 ©]% EnergyPlus?]
Schedule:File ZA|of 2134 Oqﬁﬂ‘ﬂ }'%HJ'Z:%-%ELI H3lE AL5s5t=
AZEE yii g 9 dEaeg 9 aETHY), o|o} ZFe olEl A
5o, shte] sim_idE @4 1—1‘11 7%—zr et o1 d5= FAl ut
AFRE 7HE 9] i A AlEEleld AAlE Aol

=
F
X,
-0,
X
BN i
£
it}
o
B
ol

%

]_

o &

ol
fr o w

24 ®Eo] AA| 71 Msde WYstEs V1 278 wWiEste 29A &
AolME EnergyPlus AlEeo]Adol AHgdte epw mHAT 7[5 A Al5-5t

Details and Examples. Build : 87¢d9199d4.

184) ol=7l, AR, AslA, Ao, A4Y, skedd, $5%9. (2020). A=, AFAL 7171 AR &
dol F&FE 8 UGl riAl= FRF BA. THiRPdEstel =, . 36(6), 153
164. https://doi.org/10.5659/JAIK.2020.36.6.153.

12 ©
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U= dolHE AAMCR vjgsttsy. WA T4 FIAE F epw A
L2AYENME v Zo] EHE AsteE A4kt
01_SEOUL, 02_GYEONGGI, 03_IINCHEON, 04_CHOONGCHUNG,
05_JEONRA, 06_GYEONGSANG, 07_GANGWON
oVt ol & 7] Bl Zztel Eeig AAlel AY RES 4o
ot1l, 3% k.idf §1E3192 base_vsm_templatex.idf & Z 99 EH= &
AT, GSHE epw T Tl RSSO,
—. KR_SEOUL_2024_epw_scaled.epw,
—-. KR_GYEONGGI_2024_epw_scaled.epw,
—. KR_INCHEON_2024_epw_scaled.epw,
—-. KR_.CHOONGCHUNG_2024_epw_scaled.epw,
—. KR_JEONRA_2024_epw_scaled.epw,
—-. KR_GYEONGSANG_2024_epw_scaled.epw,
—. KR_GANGWON_2024_epw_scaled.epw
ol AJYPEE  EHY epw TWIY wiE  HAYZE o8

=

o

EnergyPlus A3 & o] (EnergyPlus.exe —w {epwy —d <location_folder) -r
GAD)E 4" sk, 77 dodtol dis) gz 24zt A kadf =t

Hg AAH Alegeld
= T = T 24 @AM Location
T+ Location/region g2t A3 AZE= A9 epw HA=EE HEH OlE
= 747 HchHss).

o]o]2]= weather_hourly2 A== EX AAY 23 HENA= 7144H
g A= Y Z"oA ot o 714 HlolHE ddstlth

. 01 SEOUL_2024 Weather.csv ; =&
. 02_ GYEONGGI 2024 Weather.csv ; &
. 03 INCHEON 2024 Weather.csv ; ¢l

N

ra

<
A
b

185) US. Department of Energy. (2021). EnergyPlus™ Version 9.5.0 Documentation:
EnergyPlus Essentials. Build : de239b2e5f.

186) U.S. Department of Energy, (2021), ZAIA, p.16.

187) U.S. Department of Energy, (2021), ZAIA, p.28.

188) U.S. Department of Energy, (2021), AAA, p.31.
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. 04_CHOONGCHUNG_2024_Weather.csv ; thd H#H=4
. 05_JEONRA_2024_Weather.csv ; &5 H#H=4

. 06 GYEONGSANG 2024 Weather.csv ; i+ T=4

. 07_GANGWON 2024 Weather.csv ; &= =4

A BAR W2 FURY gE wAC] AT AT BELE B
P24 YolHg Agstel Azt 8760417k 714 AADE AR EgsH
A AE

A5 —ir%ﬂﬂ, 4 ;ﬂcﬂ el EHOH ) ‘/W} ARE Y2 @Y timestamp
@ 224 mtAS 55 YYYY-MM-DD HH:MM:SS 419
AALE B4, @ 2 A" A 2 A (Kelvin) > A (Celsius) H2h of 7
T ES Vel r A9 HibE Fasklth
olg7] MAa © A= timestamp, location, temp Al AHOR H3}
&0} vsm_hourlyx 2 A%EH, ZF AgE= 2024-01-01 00:00~2024-12-31
00:00 3+ QXA QN AZF F3} o] F2] 9] A|A 9 HIto] HEYH 7|2 A
Algo] SH =T
HAFHo=z 7F sim ide= HEHOIH Y Location/region ¥4} oY A
epw o+ 12|31 weather_hourlyx W HZ-EH89 5 HY A
AALGS Al FxstesE AASHh o]& Fdll 4t CREST 7|9 Wi
F 2AES 2w 7HE ste e, A9E epwik 71 BEA ] wEt @
W Fotet A8 AR wiglo] AolstA U ST

3.2.3 x.idf 253t &4

253t A= 3HA TAR EnergyPlus 98 T X idfE i A=
b5 8stlth. & Aollk= Energyolld] 71202 AEsH= base_vsm template.idf
£ 712 dESoE Fostiitt.

o714 F8 W40 AAE vt Zrhoo),

{Lx}, Ly}, {{H},

189) Alofdl, &35, HAA, p.1602.
190) U.S. Department of Energy, (2023), Z7|A, p.20-140.
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{AZIMUTH}, {{ACHY, {{Ul}, (SHGCH, {{VTH,

{LIGHTS_CSV}}, {{PLUGS_CSV}), {{DHW_CSV},

{{LOAD_PROFILE_CSV}}

ol o] 9 A WSS EnergyPlus® 7|2 ®E3 x idf2 A5}
A Rb=ro) TN geldt HE Eeste] v RSO,
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EAZE FASIHTHY, T3 Load_profile_codeE LoadProfiles_EPlus_index
xoF xQlste], 29221245 FIHE K.csv AJHE ABAsto] &4
Zro] FA+E A9 H=ZE Schedule:File Ao g0z F7hri),
ddy $of= normalize_idf FHS &9f idf +2E EE3I}
£ Version, Building, Timestamp, SimulationControl 52 "<
S AAfotal, FEH ScheduleTypeLimits = HAA] &2FAE A9
Aste] EnergyPlus?t @+9h= >normalized.idf2 W2k}t L42
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o[FAE AEoE HESIACH, ol AFS} 145‘?%
sfA Xz 007401]/\1 20,0007, 12]37 200,000749] idf o}do] FL3E 4
W EFE S AT A ALE 5 e, ol tiatR VSM HlolgAle

R 1

Sl T
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oL,
3
e
ftlo

o
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ox,
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~
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1
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RUuomx omo I8
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191) U.S. Department of Energy, (2021), HAIA, p.31.
192) AsY, AA=E, p.56.
193) U.S. Department of Energy, (2023), HAA, p.64.
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194) U.S. Department of Energy, (2021), HAIA, p.27.
195) U.S. Department of Energy, (2023), A4, p.195.
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196) U.S. Department of Energy, (2021), AAA, p.19.
197) U.S. Department of Energy, (2021), HAIA p.44-51.
198) U.S. Department of Energy, (2023), AA|A], p.138.
199) U.S. Department of Energy, (2023), AAIA, p.127.
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200) BHeH] (2014). FiEs AE AduxTErlE &F 2 AR, . T B4, YA
AA4.
201) U.S. Department of Energy, (2023), AAIA, p.195.
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202) U.S. Department of Energy, (2023), AAIA, p.131.
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204) U.S. Department of Energy, (2021), AAA, p.44-51.
205) U.S. Department of Energy, (2023), AAIA, p.134.
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206) AtelsAl= ArRlEAI71E, AAA, p.6-16.
207) Neale, A., Kummert, M., & Bernier, M., (2022), A7AI=8, p.6-12.
208) U.S. Department of Energy, (2023), HAIA, p.127-142.
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Alofl A

Lo

2) metH| o] ¥

Hetdlol shle 7 Mot dlolEet 111 MAHE 4 oANsS Eg
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209) U.S. Department of Energy, (2023), HAIA, p.135.
210) U.S. Department of Energy, (2023), A4, p.230.
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211) ASHRAE, (2014). p.35, p.96-97.
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FTE9 20249 V1% A% A7) A0S ADE-ARNE 24 23, (3
d 3-5]9 o] Ao FHEFHL YA oE 6~999] A FAY
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212) K-apt Fs59e] JHAAH, (2024). “K-apt TeFee] JEALR 29 54 9 of
oE TH] Z= https //www.k—apt.go.kr/web/main/index.do. =EN-FH-IF=1E-54H,

213) 94, o]43], 53 o]F3]. (2020). AMI A8 oftES] H7IAME mijd Z]uF =je] A
AaaA] B4 sl lasteReE, | 21(12), 52-59, hitps://doiorg/10.5762/KAIS 202021, 12.52,
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Hol g7 yetes 2= &% DR 2904 714 14 sE €83 &
&4 2AELGY ZAE Aseth
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214) K-apt 3578 JEAAH], HAA.
215) AAE, A4, AHA, YR, A==, p.863.
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216) sHgm], FAEE, p.39.

217) ASIEAE ARSI AZI 8}, HAA, p.12.
218) Alatsh, &8, AL 4, AR, p.55.
219) Alatsh, &8, AL 4, AR, p.55.
220) K-apt a&5Fe] JEAAH, A A,
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233) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K., AA=&, p.5, p.8.

234) FEALTHET, (2025). ToldzIEery HeAETE AH7IE A, . SRS

235) Jeong, H.-C., Jang, M., Kim, T., & Joo, S.-K., AA=E p.5, p.8.

236) =7tlUAEA FRHAEAIAR, (2023), HAA.

237) 48, A, olXs., AAR=E, p.39-40.

238) zAdbd=t, (2012), HAA, p.8.

239) =7t EA FRHAEAIAR, (2023), HAA.

240) Neale, A., Kummert, M., & Bernier, M., ZA*=&, p.53, p.88.

241) AAAAT ZIPAA7IEAE, (2023), JAIA, p.18, 134, 154, p.242-248.

242) AT BAAA7)ZAE, 2023), DA, p.18, 134, 154, p.242-248.

243) AAAAT ZIPAA7IEAE, (2023), JAIA, p.18, 134, 154, p.242-248.

244) AAAT ZIPAA7IEAE, (2023), JAIA, p.18, 134, 154, p.242-248.

- 78 -



3.4.3 Fot 22 BT =Y VSM HolH B4
3.4.3.1 Hf 71¥9 W7 #st B4

Wi FoE Occupant, Occupancy Activity, DHW, Lighting Density,
Home Appliance®] oA mi2tu|E 2 4 oto] 8,760hre] 1A17F s 715
o] Hol mrmtds A4S WY metuE e AR Sydor AP,
P (Occupancy Activity)2t AJ/ &, AL-AH, 559 a5 7y
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280) Seo, Y.-K., & Hong, W.-H., HAl=8&, p.227-228.
281) =4, oI, AAA, p.77.
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282) =7t ARTA STAHEAAR, (2023), AAA, “4. 7FA7]7]01 837,
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284) I, ofd., A, p.77.
285) Jeong, H.—C., Jang, M., Kim, T., & Joo, S.-K., AA=E, p.227-228.
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286) ABVEA ASIEAZTIT, HAN, p43-55, p.78-98.

287) UAY, 9FT, ASH U4, WAL Q011). AAR F|ute] FEFE AR WY 4]
W B e el RS e, | 2003), 127-132

288) UG FATATAL (2024). 7€ A2l Qo] WE 20244 oI FEg WY Sa 4 o
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289) 2EIl & AV (Q015). B o] F1po] ASH W] 2] ulAE 9 B4
A7kA REdE) Z) o dhAle ZAog  TouxAA AL, | 14(2), 243-272.

290) Kim, Y.-S, Kim M.-K, Fu, N,, Liu,JJ., Wang,]. & Srebric, J. (2025). Investigating the
impact of data normalization methods on predicting electricity consumption in a building
using different artificial neural network models. Sustainable Cities and Society, 118,
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296) U.S. Department of Energy, (2023), AAA, p.31-33.
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298) Murata, A., Kondou, Y., Hailin, M., & Nomura, N. (2016). Electricity consumption in
Japanese households: Empirical analysis based on detailed household data. Energy
Sustainability & Society, 6(1), 1-13.

299) Zhou, N., McNeil, M., Fridley, D., Lin, J., & Price, L. (2018). Residential electricity
consumption patterns in China. Energy Sustainability & Society, 8(1), 1-15,

300) oflvzl AHE. (2024). “M=FEA Y AUAASEET. AEEA SR
Retrieved from https://energyinfo.seoul.go.kr/energy/energyConsumption?menu—id=2111000.

301) Bulbaai, R. R., & Halman, J. I. M. (2023). Standby energy consumption and saving
potentials in the residential sector in tropical areas: The Caribbean island Curacao as a
case study. Energy Efficiency, 16, 88. https://doi.org/10.1007/s12053-023-10170-0.
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306) Tomrukcu, G., K1z1ldag, H., Avgan, G, Dal, A. O., Saglam, N. G., Ozdemir, K., &
Ashrafian, T. (2014). A systematic approach to manual calibration and validation of
building  energy  simulation models. Energy and  Buildings, 80, 415-427.
https://ssrn.com/abstract=4488363.
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| d32 A8Y  2mEUEY] PR REJIEASeE]; 1906),  93-99.
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309) Hodson, T. O. (2022). Root mean square error (RMSE) or mean absolute error (MAE):
When to use them or not. Geoscientific Model Development, 15, 5481-5487.
https://doi.org/10.5194/gmd-15-5481-2022.

310) Emami, P., Sahu, A., & Graf, P. (2024). BuildingsBench: A large—scale dataset of 900K
buildings and benchmark for short—term load forecasting. 37th Conference NeurIPS 2023
Datasets and Benchmarks Track. Preprint.

311) Mondal, S. (2023). “Understanding MAE, MSE, and RMSE: Key metrics in machine
learning. DEV Community”. Retrieved from
https://dev.to/search 7utf8=%E2%9C%93&q=Understanding+ MAE%2C+MSE%2C+and+RMS
E%3A+Key+Metrics+in+Machine+Learning.
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3.5.1.3 MBE(Mean Bias Error)

S A O

MBE+= @2to] Fatgto=, Q21| Wok/d (bias)e YEIWH 42 TS
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1 4~
uBE= 1
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o171 A, y:- i WA AlEEeld 7

glo]do] A ot T A (over—estimation)=

MBE7} Sk(+ o] 454
H 4 FA (under—estimation) AEE YEF

stal Qltk= oujolH, &(-)o]
ok A& oux nd HIoAE dtdoz Hdigt MBEZF £10 % ol
A o]8ote s AAot= Atel|7h Qti3id),
H Ao MBES S mdo] 22 HY
%

AL-F T A olA] dof/ThAa 278

312) Hodson, T. O., AAR=E, p.5481.
313) Mondal, S., FAA.
314) ASHRAE, (2014), HAIA, p.24-26.
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3514 814 2 Ag w9

MAE: HF 93 #RE HoF3, RMSE:E 2 ozt st wiztz
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= A7 EASHAY Rdo] dF AHoA FA Hlou S
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Aol Fesctnz, o] AREE AXHY- 3
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Aoz oo, 2 Ao AZRE HlW A] RMSE, MAE,
IMBEIE A% AF1E Fxste] 2+ £10% olH9] 28gk 7|Fo= wdst

MBES] %9 7t A-opr|ete] W T s 24 ore Melsjslo] B
Hol Wad 2AS Adeiglth. ol 2L AE AAS o) A4 ABeo]
2 29 tolgs Auh} A4 QA Adeln A=A F

s S
o=z Hgrietal, o]F HA(calibration) ¥ F7 ZE 7 GARZ ojo]d &
—

= EYE nrst At ofqirt

DR & glojA Az Fast AZtte] ma FsE dntyt
2 dEstal deAet eyt 4 AdY 2 A9AA s FU=AE
Adsty 48 =244 (>nput uncertainty)o]Ht Hlo]E] o]/ (outlier) 5°]
A#mgel 2 FFS EF 4 Jen=, Hu Hof dolg] HA 9 FU AZE
ddo] Aol

315) StackExchange. (2012). “Mean absolute error OR root mean squared error?
CrossValidated ~ (StackExchange  Statistics)”.  Retrieved ~ from  Retrieved  from
https://stats.stackexchange.com/questions/48267/mean—absolute—error—or—root—mean—square
d-error.

316) Johra, H., Schaffer, MM., Chaudhary, G., Kazmi, H. D.Dréau, J. L, & Petersen. S.
(2023). What metrics does the building energy performance community use to compare
dynamic models? Proceedings of the 18th IBPSA Conference Shanghai, China, Sept. 4-6, 2023,

317) ASHRAE, (2014), p.24-26.
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3.5.2 Hlo]g] HAz2] ¢ w3
3.5.2.1 717913 = AE

VSM Aot RSM dlelgle] HmE $I5t JI%t 9 shE Y AR
dolee] A BIANA Azt %9 BAAG ST Zoli RMSE, MAE,
MBE 5 547 AEE FTA7E 52 €0z AU gt B Q7

Hlw 2] 30] =52 Wx[sh7] S, Algdold dutet A= Holg7t
7 o

M
o[ 9] 7|E2 =
de 7Eog & 876041724 x 3659)02 THSIPHSY. BE AP
glolg 2024-01-01 00:005E] 2024-12-31 23:007449] 4@ |7+ <l
UAs 7oz AAEM, o FhE AR ASX(NaN)= ZEA|SHAH
RSMO] A HlolH & A5 Al2Hle] met 12, 5&, v 157 99=
A= A7t JeBR, ol 1AKF @9z #EEserleh. AE=k(kWh) 2t
gv o AIRE e g Gum) o2, A (kW) Ams= Botgk(mean) &
= YAE(e-sample)sto] A|ZF ©@helz WHgbsIgith. A @97 EAS
Zdeoll= &9l S o kWh 7Eo2 FUsHITs20),
o] 1A17F &9 (Time Step=60 min, At=1h)Z A =o] <]
] b oldlaz Wk AHS & Hodsilrh. e Hl
= 7l r $REY, ol A= FE
T ARt o= AEo] ghmH HolHER

= MASFA 2322,

BN

VSM 2= o]
omg RSM2 &5 2
E o] AW 8,760A17+9] A7+ &
e O E §rgstr] Yol o]

Ad-d-AED-F &Y g YA dlolE

318) U.S. Department of Energy, (2023), HAIA, p.21-22.

319) TimeAndDate.com, (2024), Z4AA].

320) Centinel. (2024). “The difference between energy (kWh) and power (kW)”. Retrieved
from https://www.centinelre.com/.
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FERF VSM3F RSM ko] wfjg I eflA], ZF dlolgeol= T F9+ A
(Location), Z-=f% (Archetype), ALt 2(Load Profile A-BB), 714 dHlo]
B (epw) 52 AEA(ID)7} wetdlo]lEH 2 (A"t ol2gt AHAE F5 7]
= Hgeto gy, Algdold Y 2 A5 A& 540 FYsHA &

ol AAE v 7|25 FAt ARE & flol 5
OE’H O]—ﬁr —’F’sﬁﬂ% EAH A HGrtoA 77hatE BAxZ Qg
92 MFS AAT 4 Y= 619r}323)324)325),

3522 AZ-ol4H WHY 77

RSM dlolH= AlA Ao, 4l 7, dolg #3 A, 43 uA

A5l A=A (missing values)2t o/ ] (outliers)7t F1¥5] e}, o] 27t o]
A= AlEdeld A5 AREE AsHAE 4 leis & o
214 By A dads A st AAAR] BA #3212 s-st
GTF320320328), o] Axh= RSM HlolEfoftt A-g&5lm, VSM ZAifofl= H

1 7FsliA1A] et

o

]

AZE & AE ol R A¥S BT AZANaNE AFstgor], 23
o golo wet Hel PAL FEAGON, A% 3N oldte] W] A
e I wel 2AE N A9 RS Agaart v, 308 2}

321) U.S. Department of Energy, (2023), A, p.21-23.

322) U.S. Department of Energy, (2021), HAIA, p.15-17.

323) U.S. Department of Energy, (2023), AAIA, p.21-23.

324) U.S. Department of Energy, (2021), AAA, p.15-17.

325) US. Department of Energy, (2024). EnergyPlus™ Version 24.1.0 Documentation: Input
Output Reference. Build : 9d7789a3ac.

326) ASHRAE, (2014), p.5-6, p.14-15.

327) Neale, A., Kummert, M., & Bernier, M., (2018), p.67.

328) olAE, F2A, AFA, O]Q]'Zﬂ (2024). TRNSYS 2HFollA i ohedlel o452 5o 9
ATt WA Fs Frh: S A8 AFRE FEAES] S EHE Yy okt 3
SHR1 =23, . 18(3), 192-210. https://doi.org/10.22696/jkiaebs.20240017.
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329) ASHRAE, (2014), HAA, p.5-6, p.15, p.63-64.
330) ASHRAE, (2014), HAA], p.5-6, p.15, p.63-64.
331) o4, AAA, p.46-65.

332) ASHRAE, (2014), Z7AA, p.5-6, p.15, p.25.
333) o, AAAM, p.75.
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T oz Bst= Chow-Lin Al9E A 5HY, ol T=AE
Z2]tAA T AAEES FHEoR ALgotrs AAR Sk ofgt Chow
—-Ling F714 4-> F-> 9-> £7]-> |9l A w3t AHgls}r}334335),

A7IM, AZ TS M, xk &, F, AL, 34, 971 =9 14, B

A 200 ZAA 272 A o)
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_{
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=o|l:
>
X
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rr
B
Bl
il
;
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i

HDD = maX (O, tbase - tan),

thaser= LEHA 7]F 252 HE 18.3T (65F)E 248,

b NFLE] AT 7] L,

E thE s WHE CDDE o] £E7t 71E LENT e dEo] o
o} HeAs LA e AR 9 oA Sael 1A 372
Hepslols AR AL TheT L,

HDD = max (O, tavg — tbase),

334) Chow, G., C. & Lin, A.-I. (1971). Best linear unbiased interpolation, distribution, and
extrapolation of time series by related series. The Review of Economics and Statistics. 53(4)
372-375. https://www.jstor.org/stable/1928739.

335) Litterman, R. B. (1983). A random walk, Markov model for the distribution of time
series. Journal of Business & Economic Statistics, 1(2), 169—-173.

336) ASHRAE. (2001). ASHRAE Handbook: ASHRAE TECHNOLOGY COMMITTEES AND
TASK GROUPS, 2001 ASHRAE FOUNDATIONS HANDBOOK SI.

337) ASHRAE, (2001), A3AIA, p.747.
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338) o], AAA, p.46-65.
339) Alolel, 824, A, p.1603-1608.
340) ASHRAE, (2014), AA|A, p.5-6, p.9-11, 26-28, 94-97.
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A7E AFel TE AUAE sim d2 PSR, WA, VSME 7Y

341) Lepot, M., Aubin, J.-B., & Clemens, F. H. L. R., FA*=&, p.2-3.
342) StackExchange Mathematics Community. (2019). “Why John Tukey set 1.5 IQR to detect
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utliers—instead—of—1-or—2https://math.stackexchange.com/questions/966331/why—john—tukey
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343) Keogh, E., & Ratanamahatana, C. A. (2005). Exact indexing of dynamic time warping
Knowledge and Information Systerns, 7(3), 358—386. https://doi.org/10.1007/s10115-004-0154-9.
344) Agrawal, A. (2020). Know the best evaluation metrics for your regression model!
Towards Data Science. Data Science Blogathon. Article Url -
https://www.analyticsvidhya.com/blog/2021/05/know—the—best—evaluation—metrics—for—yourr

egression—model/.
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345) Wang, Z., Hong, T., & DPiette, A. (2020). Building thermal load prediction through
shallow machine learning and deep learning. Applied Energy 263, 114683.

346) Agrawal, A. (2020). Know the best evaluation metrics for your regression model!
Towards Data Science. Data Science Blogathon. Article Url -
https://www.analyticsvidhya.com/blog/2021/05/know—the—best—evaluation—metrics—for—yourr
egression—model/.

347) Keogh, E., & Ratanamahatana, C. A., F7AI=&, p.3-5.
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A7t ot JE5EHEe A FAsty, AA AMI AR 23] thf
< ®Fgsty] §Is) &g 718 NON ufd dehe mlobdnh. WA A 9dE-7#3
H RSM Al E2E Autste] AL 14.8%, 47 27.8%, AA 6.1%, 53
11.9%, A2t 10.3%, 37 26.1%, 7394 3.1% 5 2024 JAFFEHZZAL 7|5F
o] H9 EXE stk ol 7 219 oA RSM 3 T4 Hl&
= YAl fASH, 2t FHol tdste KR-VSM ’E3 Hg=

gha}
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o, $AE FhEA] we shEH AlEe Ao Sast Zold.
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=
Wk meo] @Eal U @ A Loadprofilecet 294 g %%,
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AR E 7IAEZ SFLh o224 X Y-&x]-71F HFRoA A= 7]dte] g5
2 vigoz 700 §E31S 200,000/12 gHgshe BHgo] w=dA-FAH

7 2 2 7 i3S Fo A" VSM-RSM diSAAlE & A9
E4 H3Z(Quality Assurance, QA)e] A FAdQ4olH, AlEHolHd 7|5t
o2 mHlo] A2 HolHg F8e) RARIT Y=AS Bolshe sl e,
2 A+ EnergyPlus QC Ak 9 KR-VSM 43| &0 wat AAE
AR, AWE SR, @7 oA BA 5 A AES Agdlel WA 2
WS AAMCR HAFsHAe AALD Adel 4% ASHRAE Guideline 14
A ANSE A mde AZ AE AAS F§otel SRSt S
Bat AF 2AHMBE)= £10% °lHE 318 7= HEst92m, RMSE,
MAE®] ¢ o= 48 Qo] tiste] A3 AFe] VSM AF ARglelA &

348) AR dAEEARE, ZAAIA, p.70.
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Ao g g8r= He £F07 pnormalized RMSE < 10%, normalized
MAE < 15%, 113 492 22 < 15%5 57149 HA 7|&02 Ao,
o]+ EnergyPlusollAl 122 AAH 70070¢] dolelAle]l HF TAA ALE-
H AM F4t =A4A e OE Aot 55| weekday/weekend
loadshape Hlii= A57 5ot mfjglo] a4 EAJS whgol= X322 S8

|

[(1¥ 3-27] RSM-VSM Loadshape H|1

No. I A= 9] Bt gh(kWh)
1 RSM_Weekday_mean 0.3070
2 RSM_Weekend mean 0.3199
3 VSM_Weekday_mean 0.2942
4 VSM_Weekend_mean 0.2941

el FAE AFolAe QSFBSEM A3 A-tolA &85 Pearson /g

VSM dlolgA1e] QC AN = og Ha RSM 0.3070kWh, thH] VSM
0.2942kWh, % B RSM B 0.3199kWh ¥ VSM 0.2942kWh 2
o8 +5~8% Wl sHTS FUstAL, ol WEHA -2 x}om L
T frousHAl SAEASS AR

ERE A 7EE AP Fop AAE A [E 3-28]3 o] RSM VSM
g2 £10% ofdleld sdstAeH, AY ATl Ae A9 101719
RE 7] AE AU A] JEAIAH(KDBEIS) S| & 7HE B4 3
o A AR 2,822[kWh/ylet £10%2 +HEHY s= 9

o m35035D, Bloje] EAGH AR WA Ao @A fix_location_typosE

349) ASHRAE, (2014), HAA, p.5-6, p.9-11, 26- 28, 94-97.
350) 391, 55,0020, HAdS Sae FEEE AdelHe] B71717] oz Alask 24



E 3-28] Location ¥ AZF Bt AMH=F kWh H|

%A | Location RSM Annual kWh VSM Annual kWh H|-&
0 Choongchung 2589.308703 2591.629663 100%
1 Gangwon 2665.577543 2482.912908 107%
2 Gyeonggi 2784.733337 2733.374950 102%
3 Gyeongsang 2732.439264 2694.769715 101%
4 Incheon 2850.800118 2775.015141 103%
5 Jeonra 2487.311303 2587.755692 96%
6 Seoul 2773.060700 2770.021486 100%
7 Unknown 0.000000 Nan
olfie TR HF IEEe Fof WAHE VSM-RSM dlejgAl2 DR
Z ndo] g dloJgAl, DR 7|¥te] VPP &9 Ayele, DR &3 B4 5
o F4 AT QA A=Y e JE ol BEY & 9o s
k. o Uobrt ul Avke W% A Hof A mde] Ak W Ao
e Be AA ABAOI, B oUA Al HAYES 75 5 o)
Fe 98 THsAe AN

3.53 124 AF - A7 EF 4AA A=A

[l
.l_:
ol
%,
filo
k)
olN
ol
oL
N
do
ot
o

H Ao AT KR-VSM dlo]gAle] @A g4
of, (= AETHEAIY TS AMI Ho]H %% ZHES 5o FES
20249 14578 1297029 A= S&59 AdE
£ 7|¥te 2 A= RSM dlolgle] thsto] A7t T3 UA4 AARE Skt

2 3. TiRbaEste], |, 20219 % FARME =24, 41(2). 860-863.

W) 59, AL $59 00, A 71UE BLY BE T Al S oA
8o B4 9 34 o4, A, 29 USRS SHoR TdeaEels, |, 20204
FAFET RN =74, 402). 704- 707
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Hz [2" 3-T]oA9F Zo] FrHE YA RSM dHlolH=zXRE °of 19
5,651% (156,504,536 rows)oll sEol= 20243 AAE Azihs AH-A
A- 1 glsl et

RIS 20249 5&

E—
E

Source: AMI 0| H &5 E31&=

AA] 897,32241e] AMI A7 A HZ dlole] FolA A%t 8,760A1%F
% A 80% ol BEEE dF *3-@%% &g &5 Alde A=
Z 480,118AIH2 UEton ol& dog ArES M=t Azt F A9
AFEEFS oF 1.30x10° kWh(1,302,968,012 kWh)&2 HA =t E3H Al
g ﬂﬁé& A 4H[ES oF 2714 kWh/AH-deg BAxo] 32339
e FEAAHS] 5A 71E A B AdAr) e v
| 25%-75%94 7|0l mh Azt ThRe] AY AMEEE 3,400kWhE 7L
2 AARS o 2,550kWhet 6% o]l GAIFE Aate] 29 HolEHE
Ikt

2 Aellde 20249 Azke] S AntERE 7] RSM dlolgeh, Agl
3 KR-VSM A =4S 53] Agstd VSM dlolg ko] AgAde ohzby

W
m
9
OH
4)4
E J
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oz AHAZEsgrh. 4, RSM 150,918,777383 VSM 175,680,00088¢] thsH
AAE £ AFdS £33 A3, F glo|gAl R%olA timestamp THY Q5F
NaT)e} A8 AR 25NaN)o| o] HAgshA] ¢4eker, (hid, timestamp)
7% S8 P WAEZR oyt T 25 A AR AA] EAoHA] &

o
& FEe A A

(o]
-
2
__)&(
fin)
e
A
0y
I\
o
o
o,
BV
B
H
4
=2
X
=2
o
o
gl

o= FRIE I}
RSM#t VSME] AjzF #9le m= 20249 19 19 00A1%H 12¢ 31Y
23AN712] & 8,760A17HE HHs] Egtotal glglom, AdiE Aj7F A
(completeness) 9] ¢ RSM2 B+ 99.9948%=2 et A7 AltioA A3l
2 AZo] THEG oY, tii
s FAsHeTt B VSM2 A Aol Al 100%2] $H4-8 7]=5to],
g mdo] AAE A glo] AR H o dloJelE At Eelstlct
A7 A AEF FFolAHE RSMI VSMe| ZE fm
s, VSM 209t At FollA] RSMIF 5L oF 487 Mg W4 &
Ao= FAsto] AZF FHE H|wsklh. 1 A3, VSME| % b3
2 ARgERe oF 1.297x10°%kWh(1,297,391,828kWh)& A4 =gl

2
o
i
KT
o
ol
o
N

of

b oF 0.43%°) digste W w2 A eEe S5 =
A B2 A5 3eFY 289 oUA fRE $F VIEeR £1% oY

[e)
oA AR ke AEs Fusigrt

ghE, A5 RSMO| ¥AE =S suow Aol ujm il 20049 A
A BE F WAFGe] WA o BRH A A8 ot ol B
ATelN TET WAS W HolBe] W WY FEAH A5G S

g BgAol
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[3Z 3-29] RSM dHlo]g 7|& Z=Ax A

RSM Completeness — CDF (8760h basis) RSM Data Completeness — 2024 (365 days basis)

o o 4 g
IS EY © o
Y

Cumulative share

o
o

15
50
25

0.0 00— v T v
T T T y v 00 02 04 06 08 10

0.0 0.2 0.4 0.6 0.8 10 Completeness (hours recorded / 8760)
Completeness

(a) RSM AMI A%7]¢] CDF &4 (b) AMIC] RSM ATE

RSM Region Identification — Known vs Unknown

RSM Count by Region (Unknown = 0 | 0.0%)

Unknown (0)
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175000
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g
125000
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s
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4

3
2 75000
2

g 5000

25000

0

> 0 o © & 6 o
9 g 1 W of A
»’ . I Y\oo“"c of deo‘*(’ p o
¢ g ¢ k

o Identified (478,028)

(©) RSM A% 7R e (d) RSM HA-s wiAe&

KR-VSM do]gAle] AT Hxfo| oA, A= 7|9 RSM Ho|§ 9] 7|=
FA % (Completeness) S [ 3-29]7 o] AFaFHor Brisiact,

Completeness= ZF A2 20249 143 876041t 5 A
g7l EAshs HleR AoHu, A= fole o AlFxel At T
s Tdstes dA xR &8

A, [ 3-29]19] (@At Zo] CDF EAoAx Fdst ko] A&l
Htt, Completeness 0.82 Z|A-of|A F2 H[&o] olu] ¢F 90%° EH5tH,
0.90 oltel 1EF4A M= ALl oF 74%E AHA|stith. CDFe] =& FH|
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£ FE9 ZEo] w2 FAHZO 0.8~0977t SUFE HoFH, o=
RSM HlolE|7} AE8 AAIE AmnzA FES HEAHS 2He1 22 9n]
geh [ 3-29]9] (b} o] S|AETIFA Q1 %o] 2024 RSM #
B 480,1184HH2] Completenesst= 0.82~0.90 7t 2 =
Letioict. Ao g B4k 0.883, U 0.903, 39 10% 1114(p10)
0.821, A9 90% A (p90) 0.9030.2 Uetgtom ol= i
7,700~7,900A17F0.2 oF 323~330 days®] ©lo|ElE H-Got1
5, A7 7|l it ASES OF 8~11% ol &5 ZAox &1y
At E3] Completeness 0.5 o5 7+ 9] IW=EA] dtom,
Completeness 0.80 mlFte] AFH Alth= AAQ] 0.4%° E3Fsto] HFrA <l
ol FHo AJAFeETE, ERE, RSM Hlo ]‘34 B+ i3

- =

il
T NEF BT W) ] 4
Vv

SM—-RSM H|® EA9] AFLE

[E 3-29]9] (0)ellA AdE 42 4
o] olmtE A} AFe} A 24 AA-Aeh-7e AOPEHE.EE A7|kof H]
& 2o HEFS A ce FEYE Ko, o= RSM ©& steE do]gr}t
B71&ke AFE oA yehd g o= motrm VSM-RSM #9E ®
2 A7) AAlC 1 AmE AT

o] time—-series load shapeJ ANAE Hol o] Ai-AE-FE ij’goﬂ/\i
oL Ak FASHA AAEHE=AE F7HoE HESS FSHH. olE Sdl

20243 149 195H 129 3147HA19] 1AIRE HAS] HolHE TEleR
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RSM¥} VSMO| % dlo]HAlS sim_idE 7|Hte® AAsa, RSM Ho]g o
oA E o518 2447+ 71F 08 F 8,760A7F] AAD & 80% olA4te] &
e FEoR FESLE BRE AALEL KST(UTCHI)
AE(6~99)-7F2(109)-AL(11~3
Do) ¥l e, 99 FH(E~DH FLHE~YZ T H, ZF 13t
!

25248 RSMT}F VSME 5

[E 3-30] RSM-VSM to]g AZF-A7HE H|w

RSM_20K - Mean Load Curve (Weekday vs Weekend) VSM_20K - Mean Load Curve (Weekday vs Weekend)

0.30
0.15

RSM9| 741718 57 VSMS] G- AE

W@ FolmA wmolH, VSME RSMe] HuHel o A%
e we 4702 ARSI 9eS s

b AT 214 o|5e] A
A4 RSM AHg7} SAHEE @

ERL [ 3-3119] AEE-AE A AR wide] s Bd A
Az Y AR 45 Aole AR WA ABTE 2 6~TA] A
ole] mAR &= AL ALstiE VSM dlo|e7F RSM Hlo[elg FA
SH FFotes A% S &9

AA| A7) RSM ol VSM 7HArtERIH dlogle] i) 20244
19 1478 12¢ 3147121 9] AR dHloly Fx 9 F2<= [# 3-32]7
Zol F7b AZsHAk. RSM dloje& & 150,918,7773, VSM Hlo]E &



175,680,0008 2.2 FA=o] glov], £ flo =
o)F 24417 x 365U°] A&AL §ASH Ao vepTh

[ 3-31] RSM-VSM dlo|g AZH-A7HE vl

=

RSM_20K - Mean Load Curve by Season (hourly) VSM_20K - Mean Load Curve by Season (hourly)

RSM AEE/ A1 9 ofjd VSM AdE/AdE A= ofEl

-

RSM_20K - kWh Distribution (0-5 kWh) VSM_20K - kWh Distribution

Kwh

RSM s} Bx VSM Hsl Bxn

Hz RSMO| AT 3t At NaT HS2 0%, kWh FEe] NaN H]
& A 0%= Q1= 7|22 oy At w-¢ skt dold
717k 2024-01-01 00:00~2024-12-31 23:005 A&s| 2Zgstal Qo
M, &5 (hid, timestamp) £&-2 0122 YEGTE
A ALeTel BAFES BAT AT, BT 051kWh EIBAL
0.35kWh, g2 40.93kWh= Yety L5 THSE A7 7 EAs A
A #Fixe A 9] Wl Adek E3 AR @9)thid)E AZE 8760417
H] = H]89 completenessS AMESH A, HAS 0.9999, AL

0.796, tHHE-ES] A7t 100% TE5ES UEro] A|AEe dA&Ado] o
glstoirt. VSM HlolE 9] B fARE 0 FE2 HA
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ot AA dlolel= 7MY Aldithid)oll el & 175,680,00038 0], EfQJARHI
NaT H]&2 0%, kWh NaN H]-&X 0%= 2FI1%] ity
[# 3-32] RSM-VSM dlolg AgA =
2B = RSM VSM

717+ 54 7t 2024-01-01 00:00 ~ | 2024-01-01 00:00 ~

(Time range) | = - 2024-12-31 23:00 | 2024-12-31 23:00

gjolg i Z YPhow) & 150,918,777 175,680,000

— (hid, timestamp)

Z82 ofn ey ;% p 0 0

o ug Negative kWh 0% 0%
share

NaT H]-& Elr(r)leStamp NaT 0% 0%
&

NaN H-& kWh NaN H-& 0% 0%
Count 150,918,800 175,680,000
Mean (kWh) 0.3109 0.3074
Std (kWh) 0.3492 0.2693
Min (kWh) 0.0000 0.0071
1% 0.0000 0.0299

E A2k . .

kWh A% 10% 0.0000 0.0722
50% (Median) 0.2340 0.2248
90% 0.6520 0.6551
99% 1.5940 1.3008
Max (kWh) 40.933 3.155
Sample 7} 17,182 20,000
Mean 0.99995 1.00000

Completeness | g¢d 0.00241 0.00000

(hid) Min 0.79599 1.00000
Median (50%) 1.00000 1.00000
Max 1.00000 1.00000

_ . Hd 40 kWh o] | Hd 3.16 kWhz

Nep gy | oroudien AT | oy BEEE

AA AT = A= A=

AR S RSV S9l5) @

Mo
™
Kl

N
:d

RS g X

. Ae g J1e%A B4



kWh, Zof 3.16 kWh&Z RSMo| H|s} o3 ZtF Bx7F Adjxoz £ oy
H9le stelstgct.

)

It completenesse= 25 Alti7F 1.0(100%)S 71551, AAIE Fo]
A= HTE synthetic datasetd= HISoHALE T2 370 Althe] gap A4
ol AM&= RSM¥ FAsHA F=At gl o= Sl

F7H4 o= RSM¥ VSM ®57o] tish Ad-FE Bt Foh34d3 kWh 2
Z S|AEOHE SR CH, weekday/weekend mean load, seasonal
mean load, completeness histogram 52 ¥ A HIA AHH742] &2lst
Act. MAHoZ RSM2 AA 741%‘: glol

riru

EAA B 1383 max 40

kWh) AR7E EAskod, ARbaQl #xe Ad2elglen, VSM2 44
dAEE 544 o A Eé} HLE HoArh

o]l 753"}—15 RSM3} VSM B5% 444 (continuity), 2Hd/d(completeness),

(tlmestamp validity), &% o] (duplication), 4*/NaN

Fo|A A &gof TR w9 Holy FHE& &
2

Hz
N
r
ot
Y
M O_u
H:l

EE SR ERE EO%—E—E}. =5 £ dolHAl BE A7 A4 8,760 Alzke] A
Adol 9T BE T2 $ATORHA, olF AAY Fute] Ba} wE ]
i 9 cRMSEMAE-MBEre] A8 A4S sas7] 913t A= wat 2

3.5.5.1 t/RMSE/MAE/MBE 4t&352)

RSM} 2 AollA] 253 VSM he] Abd& ASs7] flste], 20244
19 195 12€ 3197149 A|I7Hd AE AFg=S tjite =z A-n ==

352) Agrawal, A. (2020). Know the best evaluation metrics for your regression model!
Towards Data Science. Data Science Blogathon. Article Url -
https://www.analyticsvidhya.com/blog/2021/05/know—the—best—evaluation—metrics—for—yourr
egression—model/.
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T4 9o AiA "l 2ol 2Askrh. RSMI VSM2 78 Aldl &
Aol 1:1 miHo] E7Fs3IRR, Y AH9 timestampol] £A5H= BE A
o] A= dAtsto] 44 A #st AALR AqAAR &, F AAES
timestamp 7|22 HIsIATt olF Fal 20249 S RSMI VSM go]H
7 BT EAskeE & 8760709 Alztdiol disfl, & dlolEAl 2t Hd s}

A~

5% D AAG A9 A vlas} e s,

[ 3-33] AEE-F7E SAF dlolg H|w

Season Week r N_samples
RMSE MAE MBE
All Weekday 0.911 0.130 0.106 | —0.0008 | 108,034,641
All Weekend 0.91 0.128 0.108 | -0.0104 42,884,136

Spring Weekday 0.88 0.109 0.099 | -0.0477 18,556,560
Spring Weekend 0.90 0.108 0.098 | -0.0540 6,597,888
Summer | Weekday 0.93 0.174 0.140 | 0.0053 35,463,648
Summer | Weekend 0.92 0.171 0.145| -0.0168 14,845,248
Autumn | Weekday 0.90 0.152 0.110| 0.0423 9,484,233

Autumn | Weekend 0.92 0.146 0.108 0.0281 3,298,848
Winter | Weekday 0.84 0.105 0.085 0.0045 44,530,200
Winter | Weekend 0.80 0.103 0.085 0.0037 18,142,152

AA 717k 71Eo 2 [F 3-33]7 go] BY Ay, F5o A AT A
= r=0.91, RMSE=0.130kWh, MAE=0.106kWh, MBE=-0.0008kWho|™,
2 AA] r=0.91, RMSE=0.128kWh, MAE=0.108kWh, MBE=-0.0104kWhz
UeRstth A 717 BEOA ¢ gre] 091 oldoe=m wie E=A uvEhd,
VSMo] A= dlo]g o] A7 e ARg FAIE SHHo=r st S
elstsit.

w=(Spring)d2 WY FE olFet WY AlF o] HLr|r Hot 54
o] dHjFor Z A7|del= &S, FF r=0.88, RMSE=0.109kWh,
MAE=0.099kWh, MBE=-0.0477kWh, % r=0.90, RMSE=0.108kWh,
MAE=0.098kWh, MBE=-0.0540kWh& &A=t T 17t BEo)A]
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MBEZ} &(-) g2 uetdo], VSMo] &4 Hsts A= dib] ta 74 F
Aot Agro] WAELE A (Summen)EL RE A F /MY =2 AHj
T2  HYrh,  F%F =093, RMSE=0.174kWh, MAE=0.141kWh,
MBE=+0.0053kWh, F% r=0.92, RMSE=0.171kWh, MAE=0.145kWh,
MBE=-0.0168kWh= Uettor, A4y A= 0.92~0.94 222 ¢ =
3, MBEE +0.02kWh o2 Z3] ¢t4A<l zte Herh,

ol = FEFHL oAFE Y ARgo] WHr|7] FAHe FII dF
3 el 7HAH, VSMO] 24417 Bob A4 Hdo] olfgh gl A
7171 ¥ S FXE ZYHA wtgstr 7l "ReR oA
(Autumn)E2 b Foprh ofatEl= vEpma AlEe 2, 5 r=0.90,
RMSE=0.152kWh, MAE=0.110kWh, MBE=+0.0423kWh, % r=0.92,
RMSE=0.146kWh, MAE=0.108kWh, MBE=+0.0281kWhE& 7|25}t F
TFT T BEROA MBEZF F(+) #& UErYol], VSMe] AEHo 4%
FT w2 Hols A&H o= AAste Aol ERlEdrh

A& (Winter) 82 A d-7kA i AME Fo=2 AS e Foprh A
Ho= v Yehts Al7|doz Bsta, % r=0.84, RMSE=0.105kWh,
MAE=0.085kWh, MBE=+0.0045kWh, % r=0.80, RMSE=0.103kWh,
MAE=0.085kWh, MBE=+0.0037kWhzZ ZEA=|3it} HZ A AsE A&
Aol Hvlof| thA Wopx|A|nt, MBE= wf-¢- 22 2h(+0.003~0.005 kWh)o.=2

SRste] ARl 24 Wk wug IS sk

1—

3.5.5.2 Archetype 7 AAY 4=

AL Bad EAF oz 4w T
AAE FE5IAT. o] EF7 AAE ¢ A, 9 £ AEAE
Aol o] 742 A WSS Zgste] FoE, 7 MpE A4 I T
9] ofqx] AFL AHstE F8 81S HYFT)

D) A (HeatingClass)2 708 HYHE AR8-SH= Individual heating}
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Al dtet-Fofdato] sidslE  Centralized/District heating© 2 LRSI}
o= =t ofmES] W F HAlo] Yydr Hopo] AEA mdlof & I

2) TEaZE(nsulationClass)2> A&o] Fo & Ads<S Uele
Overall RSI A|ZE 7|22 Low, Medium, High Al ©AZ EFota <
T A= E4 Aol ot Fot ate|rt HEs] YEE Loweb High
58 HFE F2 &8sk

3) AFHE(YearClass)= A& oHA 7]&9] H3e} 7|& 1E3E HHY
5t7] 9l8l, 1980t o] AXE 2020 ©]F7A S 57) F7HS80s, 90s, 00s,
10s, 2020+) 2.2 vipo] /st ol AF Al7lo oe ddd &%, &

5u, 718 A% A & WEste] ovA 4Fe x4 AolE A¥eE
A= bt
4) 4-8HA (AreaClass)> AA| F&FE o] M= 4H]y
oz Wikl HE wtgsto, F
(A_XD), HFF(A_XXL) 5 Yl 71A] 2Fo=z FEa

households[count] Top 20 Archetype Distribution
1200
1000 f
800
600 f
400}
200f
olN BN B A B OB O BN OBROBR OB OB O OE d B OOF 4 B
<% 24 4= = = <4 <4 4 4 =5 = =5 4 4= 2 4 24 0
< 2 £ 4 4 4L T 2 2 2 < 4 <L %2 L D% < 1 Archetype
g & & s & o2 & 05 & 2% 5 2 5 & & 2 % & 2 %
=3 o =] Q =3 o o & = o o S @ Lig
Q9 s S — o g S s & 9 | I - 2 g
5y ey ey R sy ydE S
0 0 o> x ox X, X o " x I 3 X &€ I - 2
5 5 5 3 3 3 &8 % 5 5 3z ¢ 3 &8 5 3 x5 xz =z
8 8 2 © ©v © g r 2 828 v x © 2 B2 © = =
T = = I T T T 5 T T T T I E N T ) = Q
: : T T % F Q8 OEFE EZT G5 ZE L 5 X 2 52 %
£ 2 £ 2 2z 0 I @2 o2&t Hh 2T B 22 IO
£ 2z 2 2 28 28 58 8 5858 = 05 £ E B 3 E 5 8
= = = [=] = =
E E: g & g =

es) INDIV-HIGH-Y4_10s-=A_M®] o|A| : ; Archetype = HeatingClass — InsulClass — YearClass — AreaClass
[13 3-8] Archetype X%
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o] Y 7k#] 7]&& ¥t [O1™ 3-8]2 2 HeatingClass X InsulationClass
X YearClass X AreaClass ©] X302 2 X 3 X 5 X 49] x3to=z F 120
Mz AAAE 2% Archetype TE 5 A9 20719 Archetypeo] Wit EZEE
FAst glen o7]eA INDIV-HIGH-Y4 10s-A_ M 2 20104t 7A%-
VHE-FE HA-NEHTY] FEHS oulgitt, o]} Z2 WAooz SAH
STHL Fx22] BEAY o|A] 4H] E4S AAHCR
T2 4 dorm, VSM 7|9t Algeol oA A ZHe] o|A] ARg=
ot AestA Adste d AHAQl e ik

F2] KR-VSM 20K EE-2 ofgje} 2t

=
3
s
Qr
<
)
(¢
o o
o
g
o

AA A/dE HlolHo| w=H, 2

re

‘DIST-HIGH-Y4_10s-A_L’,
INDIV-HIGH-Y2_90s-A_M,
‘DIST-MID-Y3_00s—A_M’,
‘INDIV-HIGH-Y5_2020p—-A_M

S OGR Archetype 25 YEUH, ol o= FETHY A4 =94
E4E& HtYgste ZoR 5o A5ALe @ Saol WE olyA AR =
o] Zpol7b F=85tH  Archetype A|A7F VSM A/d7F RSM-VSM B[ &
Ao AT AlEst 9eide e 5 Stk

3.5.5.3 Y -Archetype: AlUE| Q¥ H| W Ho]&

(b oA Bt Fop F4do] At %ﬂ ‘:]'. RSM< Location HHE EZ3}s
11 Season—Week—Hour 7|5te] A Hd HFIE 7|EAoz A5t
VSM2 F5Y3st ol tsll Location—Archetype—Scenario Al&2} =04 B
=5to] T AAE FAE FY FolA Haskeith
OEL‘ F 1.59 3, VSM AlAIE F 1.75689 P 7|x% Hlo
+doto] F 64,5127H¢] Location — Archetype — Season — Week Z&-& 4
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Slo] H=d A A4 r, RMSE, MAE, MBES At&sto] [# 3-34]1F Zo]
H5s Austst
[# 3-34] 27 AA 23t AudA 24
AR Mean Median Min Max H|1(5A)
r > 0: 92.9%,
r 0.8626 0.9117 0.1324 | 0.9467
> 0.7:85.7%

RMSE | 0.2230| 01920 0.0561 | 0.8798 | RMSE<0.3kWh: 80.8%
B ARV oAt

°F 0.18 kWh

7 WaF~0
G-t HEE)

MAE 0.1853 0.1632 0.0510 | 0.7156

AA 280 4B A% o) BRE oF 0.86, FYWE 0912 Yeht, VM
2 Adste 9ee

=

92.9%7} (1| A
_‘l

o2t AFE ZHoA RMSESF MAEQ] AA| Bt Z+z 0.22kWh, 0.18
kWhz Uegton, ol= Azt &9 F559 Ho §564H0.3~0.6kWh)E 7]
Fo g oF 25~35% o] Aot sttt MBEE -0.0444kWhz &
Ql=lo], VSMo] A= tfr] gtd oz ufe 2k HloA AX o Ao}

N

+ A%S Holu Wk A7) FAXNSE nngt fFolrt

Ad H2E kol B AEAR(=0.7007F 7 =A dEbdeH, AL
S W Foto] A A AVG HFe] W2 E4o= e A
o8 w2 Edoz 93

dE vl Aedt 771de 7 w2 HolHe BHE =Sk 7
£ o= RMSEMAE7Z} Yot @4old 43t Adds H W, 714
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279 Aot Wk WS40 WA ShE RER el A
Moz ke AT A% FEW Y AGH oAt Fshe AL
uonh A4 2% % oF 0%l VSMe] AZntt we Retz g4uo]
MBEZF () 3t HYT, vl 2ol 270 Jf 2402 Pt
of WFol EAGHES KR-VSM dlole] Alo] H48 2 A & A9l

—1

o} o]t A= FF Location-ScenariorArchetype-Season-Week TH¢]e] A
B2 BA F2e] AAE Fste] VSM dlo]EjAle] Loadshapes BEAHT 4 <)
+ oAE AlFstH, VSM 7He] Q84S Hdo] RSM 7[Hte = HA o]

O

D 322 F4 2 oy #x 54

o/gel A FF3 KR-VSM EES] 42 Location — Archetype — Scenario
—Season— Week @92 RSMI} A3HA e =8 4Asd oA,
RSMi} KR-VSM A|AGE detste] #43t H+ Foh 4 Holg2 of
1,548,288 <4, A AE HolEL 64,5129 i

F2]o (Locatlon) ZAE-59 (Archetype) — A L+2] 2 (Scenario) — A1 (Season) —
F(Week);, =z diE 2447t Fo ZAY Tof of-gsh= AW AlgO),
RMSE, MAE, MBE 59| A#5 @1 Qlt}t. o]+ ©<=9]
Wt Ao ofye}, Fd AG-FY oIEHY-FLE AUHRE Ffcke AR
At @9l VSMo] RSMe] ¥a} FA+e] A
Load  profiledt  ¥&#sA+=  LoadProfile_id,  LoadProfiles_index,
LP_Merge ParameterS <Aool Al~A4 AT =9} BBO1~BB07 o] oz
TE BEE Fol migleo]l MA mEo| yEA FESEE HAASHAH
LP_Merge_Parametero]] W= 209 7o Adi-Alo]A7F oF 1009t 3J<]
Lighting, Plug, DHW, Equip.(Home Appliance) 59| end-use &=z =}
=M, Z case_id+= Load_code(A1~A4), bb_code(BBO1~BB07), £ +=
(lighting_cat)¥} & AlUe] (activity) & &9t A2_BB07_Mi¢] profile_id
£ 7Ktk olF Fdll obd-AY olF mIad, ot HFE, 7Y HId T

M= Aol AEuElo] Location¥t #@sHA ZEA Z2s5tL, L A W

T
o)
i
3=
ol
olt
[
o,
o
#
N ru
g_ld_t‘
Mo 4

fr N

=

rgl
o ™
oY,
o\
_?L
rlr
-
EN
i)
o
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o M= oheFet dH o] FESHES Firh

A5E0] 294 54 SS9+ 20,0004 x 4770 ¥4 Archetype ™l
EtlolEE Fof FYET-AA T /NE Y, Stair/Floor/Mixed = FH,
gd S5 (Overall RSI score ¥ RSI Wall/Roof/Foundation), 7] S+
(Leakage bin), #& 459 F& mmelrl A5Hoz BARLE Aot
At Location & RSM-VSM - 735} g I3 kWh Wl A3}, A7
79453 g Y 5 HFRE dgelA Azt HE ok AY AR

gol £10% olWellA "o, o=

T AA 7t £ op|ErRielut WAt o] HFEA] e AR
ol BEE HEoz AEH AP AFJolA Location— Archetype -
2o A A4 r=0.9 AF9 =232 UEH
wom, RMSE-MAE YA Zd AAIYOA r=0.7 =02 AH5HEQl =
oA E2dt= I W AR Xoto|de Ad-FH wEt eaprt A

: -

Asto], B WRl Aae-Aas, ALFsHAR

Scenario — Season — Week

2) 4% vl Ay

200,000 7FoflA EEAH o2 Qo7 FE3TF 20,0007Hte] KR-VSM Al&E
Ho]d A¥E RSM dHlo]E|@} LocationArchetype X Season X Week gt
A& AFsHYE RSM-VSMe] 53¢ dlolge] QC 43 & Location %
= AAX F%4H Location X Archetype X Season X Week®] 6467 Zghe
ANAE FHat Bot 54S ez [ 3-35]¢F Zo] A AS(r), RMSE,

A& Stair—80m* oFERI] ALY Foh T4 r=0.59, RMSE=0.163kWh,
MAE=0.144kWh, MBE=+0.089kWh& Uelgt}t, o] okt AJzttfolA
VSMo| AZHtt 4% 1o ofSEE o] grgH Aot ¥ 5Y of
7IEtglel AL-FT AUge: r=0.74, RMSE=0.137kWh, MAE=0.123
kWh, MBE=+0.063kWhE Ko, FEo] 4 Azt F7L AY w= 2EARE



371 59 ARE Al BIBkE At o= ets] Afddsteirt.

74718 Mixed-90n* 9]  FHY Hot  FAHolde= r=0.63,
RMSE=0.136kWh, MAE=0.110kWhE 7|&2stg1om, Y o}7|etg]o] ofE-
F AUgleE r=0.74, RMSE=0.132kWh, MAE=0.107kWh, MBE=—
0.074kWhz Uelgt=d], ol FEo AHE A5anz sty Yg7|71E
ZIRY 7H7N 719 ARERF F7Ht HJ%‘% Ao g VSMo| RSMi} GAKSH 4=
A Qlitt,

o
A~

-

zom 3551 It

l‘l‘

o
=

Jo
m&"

[ 3-35] A|e-o}7|ekel-AR-78 SA% @ Hlw

A4 ot71EtY A4 T4 . | RMSE | MAE | MBE
(Location) | (Archetype) | (Season) | (Week) kWh) | (kWh) | (kWh)
Seoul Stair—80m’ Winter | Weekday | 0.59| 0.163| 0.144| +0.089
Seoul Stair—-80m’ Winter | Weekend | 0.74 0.137 0.123 | +0.063

Gyeonggi | Mixed-90m® | Summer | Weekday | 0.63 | 0.136| 0.110 | —0.047
Gyeonggi | Mixed-90m’ | Summer | Weekend | 0.74 | 0.132| 0.107 | —0.074
Incheon Stair—=70n’ Spring | Weekday | 0.66 | 0.141 0.112 | +0.021
Incheon Mixed—85m’ | Summer | Weekend | 0.71 0.138 0.109 | +0.015

Chung Floor-75m* | Winter | Weekday | 0.58| 0.152| 0.128| +0.067
—chung

Chung= 1 ¢ ir70m¢ | Autumn | Weekend | 069 | 0.135| 0.114| +0.059
chung

eonra Mixed=-90n® | Summer | Weekday | 0.61 0.148 0.119 | —0.028

y

Jeonra Floor-85m’ | Winter | Weekend | 0.73 | 0.133| 0.111 | +0.042
i}rfgong_ Floor-70m* | Autumn | Weekend | 0.80 0.147 0.128 | +0.091
i}rfgong_ Stair—60m’ Winter | Weekday | 0.57 | 0.158 | 0.132| +0.076

Gangwon | Mixed—80m’ | Winter | Weekend | 0.62 | 0.151 0.121| +0.083
Gangwon | Stair—60n’ Summer | Weekend | 0.68 | 0.142| 0.115| +0.041
Bt - - — 0.70| 0.143| 0.122 —

744 Floor—70m'e] 7% AlygleE= r=0.80, RMSE=0.147 kWh,
MAE=0.128kWh, MBE=+0.091kWh= veht AA] 2 = 717 =& At
e Uepit ol 108elehe 7kge] Aol Wi Aur|=A AP T
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HEdo] Ao vpedd AbgEo] o, RSMit VSM 7t LoadShapeZt H4
Aoz IS e A& HeFi Qlrk
AA 6467 2] Bt AYEE HaF AW AL r = 0.7

St Q= s =
N3 AgErt wdal, BAA-SAEe 3 FolelM MBEMW)7F Ha 27
Urebgth of7lEr Ea2E Mixed @9 90m* oJAtolA Ay ma HdiA]
AR A FE7h GABEe] RMSEZE g4asts whd
AFAE YH WHeph 37 s F5 -5 WEdo]l ddiHem 2 A
2 UEET 29 -Stair g2 A = 7HEA b
A vepger ol Wh/m' @92 Aatet Al FH fAMol AdetEo] ¢ gt
o] /Jsshe Aot A5

01“4 Ai= VSM 7|dF Alg#e]do] 24 RSM #s mjdlg 2.7

o

B2 o= ASHRAE Guideline 14914 AA|5t= A7t 2351
Hw 2 AejHeo]ld 7Ng3sg 7|49t s 2447t Hol @40 FEl= &
5 AZME 3715 2A Sk AAIEE 71Ee] B AAE RSM 7|
5 Hol ZA} VSM Aol Folard 2R AAASQD H
Elastic Scaling(8t4 AAAS) Ao ZAejHeold AaE HASH
FHL2 VSM input Ho[EollA Azt 7PFAUIENE AAES A
o]A RSM HlolE¢} BWE &3 QCE F3ste] RSM-VSME|
, A2 2AY® Alg hour_shapeE 7§ A5k

3HA HHE Fx= AN ZF dHE(teration)Ptet RSM¥F VSMO| F5-5
T g+ BolE 47 1.0o= Aeket &, & 349 Hl-&RSM/VSM)
= o]&al 24A%t AAIAE HEE Astety, gt HAS WASH] 96l

¥ o
T
I Ho
o boaux X

O:d
o,

ol
—|—‘
o)

—lN
o =k

353) ASHRAE, (2014), ZAA, p.94-96.
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Helz 23 F 7]E hour_shape] &5
2 = 1022 AAtetste] A4

AZF oGRS FAotE AP dF EET ZAEEE A5
ojglet A dnHEFE oA It Al 7] BHA H2S A8t Aol
O Ae-FFol /MEET HFo] &2 of7[ErQlolA] s oftt I RAE
=0]7] #Jsll, 0~6A] ofzt AXteje] ol digt FHi ZtEAl= Hl& kel 1
Hoh 2, = = Bt 07~09A+= 1Rt 274 24
HX=% hour_shapeZt A2 AT H=zE 2 Wi @ o559 4
Peak_hour HALE Eo|7] ol =2-7Fd Hsto] TAA A& AlZE 0.5~1
AR A QA7 aE T AY Ao AALY AlGE A eR §F
FotAtt. @ A=Y FHA 9] RMSE A2 sl =949 =27
2, 18~224] A= o]%9] AAIAY AFE AAS] F7HA71AL, W
219 jg-& 7oz HAHEZ A2 tE hour_shapes HE8YT + U=

27149 shae] hssiet.

_\|1_,
T

rl
olr
=1
o)
o
ol

_H
>
>

fo
2

—

i}

.

(e

o

S
s 7l
o

|=!

e}

o

4) 722 BAe| 49

. EnergyPlus_VSM
Previous C(h) — — VSM Output

Simulation

W'Y i

Hour_wise

QC Analysis
y Scaling Update

]

New C(h)

(Re-simulation Trigger)

l

Elastic Scaling

(18] 3-9] Calibration Process

- 132 -



z7] BE VSM dlo[g7p A7 AIZtdjo A RSM HfB] dpof-wha BARE
+ TAIE skl fel, -7 Fot B4& A0l A#ok= Elastic—Scaling
Tx2 HA(iterative structural calibration) BAFE -85t}

B g2 71E A FAAAIS(hour—shape vectorn)E Y O& oo,
RSM¥t VSM Atol9] AIZHdE A H|at Hl&-2 Hhdstes A HgloH,
AAl 2= (29 3-9]9 Z2AAE Fote] 1237 & Al ¥ RS 35
et

[# 3-36] HEF ZAEdold 3

Weekday (RMSE=0.371) Weekend (RMSE=0.361)
1.6 { —®— RSM Weekday n 1 —e— RSM Weekend h
1.4 ] ~=- VSM Weekday A | ~-m- VvSM Weekend I\
' n "
o 1.2 T it | N a1
=3 [N ' [ N '
230 \ \ |
= 1 1 [l
& v , |
S os i L h L
' 1 1
E 0.6 1— ‘- 1 4 T L
= 1 1 1 1
041 \ i \
0.2 ' H H |
1 | 1 \
001 ™ - [ -
o 5 10 15 20 o 5 10 15 20
Hour Hour
B B St B B
First tier 1* Elastic Scaling
Iter 2 - RSM vs VSM Normalized Loadshape
Weekday (RMSE=0.309) Weekend (RMSE=0.309)
1.4 ] —®— RSM Weekday Fl*-\ | —®— RSM weekend "‘-
" ~m - VSM Weekday / ~m - VSM Weekend /
1.2 2 T
- I"-i-’- |
S 1.0 _-m ¥
= -, \
Sos h i
] ! \
E 06 / !
5 i \
0.4 ' i
H 1
'
024 .
00 L® -
"o 5 10 15 20
Hour Hour
. nd . .
Second tier 2™ Elastic Scaling
Iter 3 - RSM vs VSM Normalized Loadshape
Weekday (RMSE=0.301) Weekend (RMSE=0.301)
1.4 | —® RSM Weekday FlL'\ | —e— RSM Weekend ""\-\
: ~m - VSM Weekday / ~m - VSM Weekend /
1.2 s T
- |
8 10+ e, i
3 !
2084 !
5 ! | ; .
5067 1 ! i
2 ! ', ! \
04 1 T 7 \
024 | i '
L] L] [ [
0 5 10 15 20 0 5 10 15 20
Hour Hour
. . rd . .
Third tier 3™ Elastic Scaling
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[E 3-36]°14 12} HHE tier 1)9] Ay}, VSMO] A3ate Bt Bt 4
2 RSM o5 tfn] ofxh-F3F FTbo| A AJid o s W-go] dit Haprh 4
F9ar, o] F7te] RMSEE 0.371, % RMSEE 03612 71 =& o0x=
Atk o= 7] VSM A4 @A oA FojE d 7|8 7tF Alg 9 2E
o8 metu|el7 RSME] FHH EAS S50 vHgskA] X2 AlAR
oh 2o &St 13 BAY & FATe] d S 1.028 {45
o] Azt T AYFL HEHIL

[& 3-36]9] 22} HIE tier 2)oA= RSM o] AIZHoE Fhof-2h4 wfjgl o]
AtiEog orAsiE w1, F% RMSEZF 0.309, &% RMSEZ} 0.3092 4=
Lastdct ol 1x A dib] ofF 16~17% 42 RMSEZ} A" A
™, AzBeol Ao AFEH RSM-VSM Hl% 719k 'Y AALE o] mA
Xt emu 3 AZHe] A HlEE aRA o= oAsty Q& Ho
=t AAR AZEE o Fot *HOM—L— RSM thH] VSMe] 94 %A
AY w3 FH18~22A) ol A LoadShape®] &/ A

ol

1r
ol
-
o
3
2
—_
—
>,
A

EHEQ LoadShape P RSMO| A5 5yt AR FEE
3t BE HREA A Frol 199 oz F AMEE TIEle=R
1.0°o] FAIEI QlofA, AXPE-FIE-AE-Ae] Mg ARgE] digh

HAol A7t AHZF(total_kWh)ol= FFS v|x|A] L5 AASHA.
o9 [FE 3-36]94 ©AE AAINE ZERAAE 33 HHEToz A
RMSEZ} oF 13~19% #aste autel @74 AZHo2% VSMo] RSM 1

2 SIstga, ol diitR sebeHe AL RSM-VSM

o] Bo} HlgS &8 Fx22 HAo| i At o+ US ET
At S ZF HbE Ao A ARE 2% A7to] AdeE HAZo| F
23| ZAasdshe FElE Hol, Elastic-Scaling & g|Eo] Heket =8 EAS
Zka Qles At
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ol 44 W WY Tk wuA A el bt A v
sh71 SIgt VSM B A0RA, B FAZ Ay AAUYRT o @az
o Boh G B Ak ARl KT e UPOE Selg 4 ot

re

FolAE VSM 714 AAde] RSM Sl 24 ulwste] ojmat 7
F= HoleA ddshy] #fsf, 20,0007H+ =4 Azt AlEEold
Zlgto 2 H43st g HEoHnormalized loadshape)E |

|
92} Eafl(error decomposition) 71HS -85t £, BE AH A

r
0

= o N
ng o J:{ﬂ »ore
s

AdE AZE B 12 Aetgdo=n dol A= 59 2ol A
sta, MOl daily patterno]l it B/} 7FsslEE AFH A 2|5kt o]
+ VSMe| di-divr-74d7]7] _1,ﬂ_aﬂ o & AlE oeEm ez A fREG
= AFE ARE dBElel B 2 JF2 nRve e et dxjolth

A5tekEl RSM3F VSMO] g+ Fot ZAe F5(Weekday)dt 2
(Weekend)Z FEsto] Ar&stgom, z+ A7 hoAe] 2xt= R(h)<
RSM Atstd @it Hatet Vh)e] VSM Aatstd Hd Fatet o33 &
o] A HEox ZolistA

1) A xt A& (Absolute Deviation)

E,(h)=|R(h)— V(h)| 39,

7] A,

E.(h) : Ao @2} 4=,

V(h) : VSM B3 H3}

R(h) : RSM B+ Hdl,

ol EX A7Ztfo)A VSMe] RSMi}t dupi} o2 42o] HelE Al

354) ASHRAE, (2014), A, p.22-23.
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A2 Yehie 13 Amolth ofzhAE Azifol o] Fe) mAb of i 18
~214] WA AZteelAe] Ta mAF o S HpHom woka 4 gt

2) At @2} AE(Relative Bias)

V(h) = R(h) 555

)= =5
o17] A,

E/h) @ At 22k 4&,

ol TYgt Ao exEt: AA Foirb B2 AZF(el: 01-05ADel A4
Aoz o & HlE QA= BYELE otof, oRgF b2 Holo] WIS
BEot 97sHA gAst s A= Sl

3) 714 " A& (Pattern Drift)
7F

171 &A1/ (concurrency)©] Aol what Al7h

PAE 4 ek oS "As] Sl 3AF ol

3 Bolstoiet.

V(h)& AH8S

E;(h) = V(h)— V(h)350)

o171 A,

Eq(h) 14 He A&,

V(h) @ VSM ¥ F3},

V(n) : VSM 3hr o]5®d K3}

ol AF Ao VSMeo] EZ@sHA o4 Ee Holkx, 52

< & wdst

RSM tju] m 37} 9f-ofej2 o]§3t=(peak shift) WES Holex

7] Sl A\ molet.

AAA, p.23-24.

355) ASHRAE, (2014),
AAA, p.94-96.

356) ASHRAE, (2014),
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4) =3+ RMSE A&

23
RMSE= /L ST (R(h)—V(n))?357),
24,/ =

ol shape AA9] 27 FHg FXHL=E Qo 7
Elastic Scaling HA FILoA A% £HS

olFe] 47k7 AHAEoE et A, ALFF oftt 0~6A19] A&A
HARE UE=E, ol =U SEFEY AEd
2 71A el MrstA fAH= 7
4] ozt Fso} o Hl&o] AA RSMO| AFA PF melet AF2t9
Aol wet VSME] LoadPrefile Alvte] ol &4 A4 © 7]Qlsts AL
BAS 4 9Jtt oE-FHO] APeak hours= FH % 17~191]9] %
3 5 717t ZAAQLHA TSR, VSMellA= i 5 =27t
N7V dFBAANAY AUAA ax= 2&e @] DRI, o=

5

T
Gl
_\|L f
Y
Fl
>
X,
olN

Sh= ’51’3;—‘1?_ +AE 11]—‘“_}03‘:]'358) EO] 2 A A
S Flastic Scaling B4 Fx¢} AAste] 25 RAo] 7153
Bz Fx3lsl3itt

3.5.6 ZAg]Bdo]Ad F2 ¥ Re-Simulation

o AHolA AARE Fef-vpa BAF A Ao Z[xste, & ATollM=
VSM A4 Aol 25 H-8%+= Elastic Scaling 7|§t9] calibration(E4)-&

Sastdrt. 2 R4 FAe Oedt 99 Fm ®Ao] ohd, F3 Mag
AkEe z4ste 724 B4 Ee Mo AAstden, oo A2

357) ASHRAE, (2014), AA, p.23.
358) Keogh, E., & Ratanamahatana, C. A., F7AI=&, p.2-5.
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AalBd o] a1} Re—Simulation®] 7|2 Y2 AFR6FS TH359)360),

R(h)
Vik)’
7] A,
R(h) : RMS, V(h) : VSM,
N-5) [ (4~ 5)/n 112
NBME:%, CVRMS=100 x —— /v,
T Xy n

A7) A,
y; - measured data,

y - mean of measured data,

y  simulated data,

o] RSMi} VSMO] Loadshape H]-&(RSM/VSM)S A
Fotel VSMe AEAI7I= Zidel 71Hetet, ot B A
A= As FAsH| 9o, ZEAE 9] A-ofet 229 ¢ A7 Axt

& A,

0.8 < Rwd (h‘) + (1 )Ru:a (h) - 1.9
0 S STy -« 2,
Via(h) V,.(h)
™ (h)Smooths- (clip[0.8, 1.2])
Ck+ 1(h/) — 3 p ’
mean
o171 A4

Rya(h) © Weekday Loadshape,
Rue(h) : Weekend Loadshape,
Vya(h) © Weekday Loadshape,
Vye(h) : Weekend Loadshape,

359) Sun, K., Hong, T., & Chen, Y. (2016). A pattern—based automated approach to building
energy model calibration. Energy and Buildings, 117, 287-297.

360) Chen, Y., Wei, W., Song, C., Ren, Z., & Deng, Z. (2023). Rapid building energy
modeling using prototype model and automatic model calibration for retrofit analysis with
uncertainty. Buildings, 13(6), 1427.
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0.8 1.29] M+ Elastic Scaling 3 Al HE3t =& wFx|str] ¢Jst
of £20% oWz FHot=s AAston, ol §lE AAIEY] AU dde FA
SHHA R o2 o] Zheste s AFolehe & Al H9IE Scalinge] HHEE=
= AABEITED. Smooth; (k)&= 3AIZF olFE el A-EH =
Aatetell tisto] AIRtel A H|FREE HA6Dst AA Folo] Axb

2 A Ao EANE JFoR AUHEE A8 gia Bl

35.6.1 B4 FAo Bt

ﬂd
>

by

M

1) F3t o gho] oftt ThEA] FA, ofd AR JHE St

Ag-F/oRtolA e M RAF HFS sjasty] s, i &2 o
(Heating Distribution Function)®] 0~6h oFt 7t52k2 ©ElA4 Ch)oll <
s 0.8 olstz oFF xAskaL, 07~09419] 7Fsgke 1.05~1.15 Wl A4
F A, ol Ad A9 okt ARSH-opy] A FxE dete
A8 Aol digtil=r =4 7H9] LoadProfile®t + CREST #2-2 talst
of g3t Aolth36d). A7|A AHgg HA A4 W= 2 A7 Elastic
Scaling B4 A< Skl FdA ez AT ZolH ol 7IAH Ha} #A

AZre] A AAolete 724 EAE JMAdstalat o Aot

2) 7z A AR Al1ZEe] EEA AA

AS-FEY APeak_hour(-1~0h) AE si&str] Hall, 2717171
A A (concurrency) Al12F AlZ+e] &g EEE 0.5~1.0A17F AAA7]l= R
T2& A5} Elastic Scaling®] A4 Ch)7F 2% AIZFHolA 1.1 o4
or WHEHoR AEH ¢ olF Re-Simulations Fdto] A REE

A5 zAsEE FASAT

-rfoz"la offl

361) oA, AGt, olAdR, H5E, HIqt, oleAd, dolal HAY., AR, p.93, p.9%6.
362) Sun, K., Hong, T., & Chen, Y., AZAI=E, p.16-17, p.27-28.
363) Jeong, H.—C., Jang, M., Kim, T., & Joo, S.-K., AA=E, p.3-4, p.7-8.
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AeAY 29 51 ha BAS RIS 9, AGE AR A71E 7]
woz 29 W5 A% AZE 3R 54 ASE =dstict 295%
Folot Ao 29 Foke 16~184 A% Ch)7H MHEAoz 11 o)y 4%
S Ee Bglon, olg 29 ) @50l QW B A By 2
A5 stgict

3.5.6.2 Re-Simulation 43§

Elastic Scaling 7§410] WHEEWHAME RMSE7} S8 ol && 7%,
N o] x4 FAE wsle] 2] 2742 S5 Re-Simulation
2 Sgates T

23] A% 3% m|vrd of
shape 7|4F RAWo 2= Lz 7| o] o]t om| g 3§45ttt

2) Ch) Aol A wskego] 4 ARiheld A&Hoz 129 4o
EL 0.89] shgo] Y o,

wof 94 A0 BRSL SRS AT ek,

3) oRF-m =2 ARRFoll M ] A @4 Er(h) #hol +15 ooz {AT of

VSM whhyaksbd Ba) 3heE ZE2A 02 Re-Simulationstglth o]
2t Re—Simulation A|A&= T 98 HAo] opd, Wy A9 x4 &

A5 "AstL "alt B¢ VSM AAE HlolgE ZRtem Wi-rhA-

=7 st E AHsor ALdAStES FEsts dde

sk
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3.5.6.3 Elastic Scaling -8 A=}

Elastic Scaling B4 FIZE 20,000 7IE thde=z 143 7+ 8,760 A7+
o2 F 1759 3o VSM AAIE dHole HAAE Algdoldde] dAAS
= A8t Ax= [O1F 3-10]% Zo], RSMI} VSM 7te] 3t o} sfed
Y7L s el whet &Aoo m HASHIH

Overall Mean Load Curves | r1=0.90, r2=0.96

0.7 4 = RSM

VSM (before)
0.6 4 —— VSM (1st elastic)
== VSM (final)

T T T T T
0 5 10 15 20
Hour

[71¥ 3-10] Elastic Scaling 2% (before, 12}, 22}

12 BAgteog2n A% AsE 1=0.90 £ FAsHHA, RSM o] 3t
- k4 BAF ko] AASHA skl flom A|A ] LoadShape®] @4
& mAF} BluE ] Y AH|FY] FHie fARE dideR {5t
5 Hhgsiait

22 HAoAE ARME AAIAY ok Ch)el ®F FHo| Forx|HA,
obd 71-FHINTHT~OANT Y HAARZE HE FH18~21AD Y] ST
4 djglo] RSM 41 ofH] magh2 ofds] zpol7h whA|wh o Az 1
A G4 Folbe IS AT 4 AUk
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of7t Yot AIZtE RSM 02 Ao sif A=, AY
df Foke VSMS #ERt mAx7E AAEe] RSM o mAet {ARRE
LoasShape FEHlE ottt ol & AF9] Elastic Scaling FZ7F T
g 2ol ofzl, AIZtE A 25| shape mismatchs FXZHoE H
Aole dAR A5 ST

Input

Calibration
Input Output
7 RSM.hourly — Simulated ‘
v VSM_hourly C Recult RSM Lrun Tune i New
Pattern cript
v Hour_shape v RSM_Jandshapr Parameter C(h)
v B_scaling v VSM._landsh )
Iter=3

X mean =10 08 <ch) < 1.2

[717 3-11] Elastic Scaling process364

(27 3-11]3F Zo] B ¥ Aol A8d AiE= 0.8~1.2 ¥ 919

2A9Y AE Agstal BAY & AT FF =

Aote BAE Agote] HEA WA} ALY S FHESHHH. 1

AW VSM2 27| diH] B& *17Jﬂ1°ﬂ/ﬂ RSM} %*}ﬁi o

HAdo| 77k wEt dHE
al

r
o

o] AAIER A9 dxH FAHoz FF& FhPT 4= YA 1.759] 7H4 o]
ole] HMAE vMEA-& Foto] Elastic Scalings F3ot= A HAHO] 24

7b AREes B ARte] HEsA Aase 5 o]
1

1
E 570 vdoHE SeteC BAL AWsHe 5

A% VSMo] RSM dloJglet ARt7bx] F@Aot=t] 2|42 QIRuntime error®
Elastic Scaling®] B9l 7HsAS 2RIst= Zlog AdS Susiat

364) Sun, K., Hong, T., & Chen, Y., A7=&, p.8.
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4.1.1 DR #e& 93 AAE HH {Lx3}

g% KR-VSM Hlo[E|AlS &gste] A= A A8 EAHS HFHo

B35 st oAk 204D EA 9E] (Feature Vector) S F+=35H9ch ¢
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A dol EA dWHE FAdsted, 20,0004t HAe] thsf 20,000 X
204D 9] 4,080,000712] feature matrixs =5t AAAEH RE EA AH
ol ASFkel EA6HA ¢S FRIstlon, F dHolHe 39 +4, &
TR, HAY shE, DR 719 AlEElold 59 &5 24 &8 5 =

= ysm_feat 204 ext=2 =¥ 35}9ith

M}

412 DR Wizt=o] 39 A9 H7}

g AR (Annual kWh), Y= BSHE _cool kWh), Wil ESHE heat kWh),
HNEHA (Area_m2), A AU (Occupants), HAEAE(Year), ©E A5
(Overall_RSI_score), 7| A5 (Leakage_m3ph_m2) 5 & 87 ¥W4E A4
sttt mdo] A% r, RMSE, MAE®}F 7 Adwe z#el 24 A4 R?

2 AFgsto] Brhsheletaes),

¥ 4-1] 204D°] 8 W5 A% W) Az}
[—1—'— fi = o O 07 =
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& 5
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# Scor
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, 559, A=, p.861-863.
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I (regression—to—class mapping)= FPstAct. o= AR Ernd
(Classifier)oll 5] AFH8-%]= AreaClass, YearClass, RSI_category, Leakage_grade
5o Zol2 Aolo] uet 5171 ofSAE S bindingsl 7 Zes
of £ SES [F 4-2]9 Zol] 4Esta, oo digh Hek et =F PLS

H|EE AR WA 2 AaE gl

[E 4-2] Class E 2|9 95 A=

No. Class Var Samples Accuracy
0 YearClass 20,000 0.25920
1 AreaClass 20,000 0.60865
2 Overall_RSI_Class 20,000 0.77515
3 Leakage_Class 20,000 0.16565

A A-8HA(Area_m2)9] B¢ AP AolH 471 AXHALS, AM, AL,
A_XD)ol| whef 7t} oF Axy, o9 7|9k S v A+ oF 0.608=
+ 204D 574 WE7} WA H4RE BuA YA or FHT 5
2 HoFE A2 LDA 7]¥F AreaClass &7 A2 (9F 0.47) div] 7j
71% sttt &8 As(Overall RSI score)= 37 7o 2 wHESH
ot miE A= oF 0.775= yEy, Fof gigl 7|5t ddds iR
(category—leveD= ol AL 7hsohe Holggloh ¥HH ASAZ(Year) 9
A9 Y1_pre90~Y5_2020p'9] 570 Fxro= wiget Axy, AL of
0.259% UERth o]+ 204D 54 HE7E ASHEo] 4] ou|E FE9]
Hhgsha] Zetthes He APl datorh. 719 /Ad-5(Leakage_m3ph_m?2)
& R20009] 67 Sd2o& migEet oMz A= of 0.16622 Hl-¢
o, 714 549 A% Fob midate] AAo] ofstH AlAE 7]¥t EF
S2E Aol ofH%
B 4-3]o|Aet Zo
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YearClass@}t Leakage_grader= WH22] o&3to] <IHet S84 2= Y
A

o
golom eBEET, WaH AV FHEA Gu Bl AFEHE BN
U

A FANA F1qIa,

[3 4-3] Class ¥ Confusion Matrix

Confusion Matrix - AreaClass Confusion Matrix - Leakage Grade
6000 14 130 13 900
AS 1114 935 61 0
5000 800
2 111 110
700
AM 729 1736 32 4000
_ 3 107 123 600
S K]
g 3000 3
< g 500
AL 39 1865 1100 41 120 -
2000 400
54 106 100 300
1000
A XL 0 58 1272 1041
200
6 121 105
0
o > v N 100
Axd v/ A Q/\ ~ ©
Predicted Predicted
AreaClass_Confusion Matrix LeakageClass_Confusion Matrix
Confusion Matrix - RSI Category Confusion Matrix - YearClass
14000 Y1_pre90 - 27 1 599 397 39
1 0 60 412 2000
12000
Y2.90s1 9% 197
10000 1500
E
© S Y3.00s4 83 170
22 1 235 1222 8000 2
& 1000
6000 va10s{ e 193
4000 500
34 10 2792 Y5_2020p - 42 569 1188 779 93
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Q & o © Q
) O N Q& Q"
3 o N N 0
0 N % < > B
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filjo
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=
ox,
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o,
N
—l—l

421 DR o4 482 8 49 25 1%

B 7= QSFBSEMO]A xﬂ/\]ﬁj VSM 7|4t BSEM &7 A|Ae] S
1 dlolee] B4 £2=E S}l

PA mﬁs}t 11741—83 BARE Ao
S T

FAHC =, KA S22 P45 dHoly Hetold 2+ SHA0] Hat =
Elot AA| Ho HEE ©]-83f between—class scatter FE SpE Aok, 7
H ABZy g ZeA "o 7He] WS 0|23 within—class scatter 332
Swe Aot oluf Sp= SdL Hat I Ade 4 WL 2E Y U
#om FAAHM, Sy = 4 2L UiF 244 gez A,

LDAS] ZA2 & Pdo vlgz HUsishe A9 He HY wE 2= A
om = gue 27 thewt gol AolEL:

= 2 n = )= )"
Sy *ZZ x = ;) »’U_,Ul)

i TEwW;

366) Raudys, S., & Duin, R. P. W. (1997). Expected classification error of the Fisher linear
classifier with pseudo—inverse covariance matrix. Elsevier Science B.V., Pattern Recognition
Letters 19. 385—-392.

367) Tharwat, A., Gaber, T., Ibrahim, A., & Hassanien, A. E. (2017). Linear discriminant
analysis: A detailed tutorial. Al Communications, 30(2), 169—190. https://doi.org/10.3233/AIC-170729.
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A7 A,

2% W % We

Sy Sy W= AIE B ARELE),

A7 g uy pl T 9d 229 P 2 Rejols 59 Zo] Hu, 1

=
3k e Relo] 4Eg veh,

oJgA EEE WE ZL U 2 BEel M T Bk wge o)
shel, ofgste el A/l Bl A4S JHoz vehic

2 7oA o]eidt LDA ol24 5& VSM % RSMeld #28 @zt
A AHg B4 Agste], FAG FEFE 94 —f—(lnsulClass), i

W21 (HeatingClass), -8H2](AreaClass), 5= (YearClass), *]%(Location)
2 27 Bds skt LDA=
uh-2oh

S = is <=
e AAR s, ol st zqz% ue 73741% ag e 9

ne,
_°|L
El
N
lu
RO
[>
N
Au
rE
o
o
:Ll
Hm

e T2 LDA ool 7et A9 wE RYe AEst] FAE 3F
THO F8 AE £4= 7Ieer £ AsS BUISHH &7 4% 371
C oW 4% e Aust 4% ARE Baste] susglen, £R A
I (Classification Accuracy)®} macro Fl-scoreE &olfl ZF Y WHEof of
o EEN #34S AESHIH. olHe A% A#E+= DR di AEeS §
o AY 257 7Y Bde dFRoer HAS5hks ZIEolth HolH +#4,
2} AZ AA, confusion matrix A4 5 AA A mlo]xziele As) o

9] LDA 7|9 &7 HAE F8oto] A4Sk
LDA ZI5F baseline %= B7Iol7] flal, & AFolAes AAIE A A

& folHE AR & HA o2 HIE 6717 Feature Scenarios %9

SHAH. ol = FLEE B2l Hgo] dish AAIE Ftol &7 Aol nAl=

= AAA R Blusty] /gt AAOIH30),

368) Tharwat, A., Gaber, T., Ibrahim, A., & Hassanien, A. E., AA=&, p3-6.
369) Dufour, A.B. (2005). Linear Discriminant Analysis — Course Notes. University Lecture
Notes : Fiche TD avec le logiciel.
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1) Scenario I (& HA)

19 8,760A1ZF AAIEE g9 ovA] A% @AZ HAste] 12209 54
e (1~129) 74

2) Scenario II (¥ #A)

59 dol8E 1SO-week /1% 78 GAZ WBste] F 52749 5
g 44

o,
1=

3) Scenario 1II (¥ HA)

19 &9 |z AL SAIE A8t 3652 E4= 4

4) Scenario IV (A]7HE YA] Hlo]g)

A7F 8760417k UAl AADES Triz AHgste] 87603 TAYE 5
CE R

5) Scenario V (1€ 3t &qb A1)

A el 19§ 29 A7 AF§FG1U 24

A=T447)E FESTe] Wgd BRo| S3hd 542

Y AS 540l F3is)

d

iy

&

B RS} SAG 7Y @ O A7 ALSRTMAAS AHEe] -
T E4e] UAs BR A% 97t
s

Zt Scenario®] W8] FLSH ezl W4 AT (InsulClass, HeatingClass,
YearClass, AreaClass, Location)o]l tal] LDAE Sh5olal 5-fold Wz} A=
o2 CA ¥ macro F1& AFEsteld. A8 AFoA A ¢kE Random
Guess(RG)e} AFdeE 7]HF Random Guess(RG_PK) 7|5& &7 Al4tolhod,

370) Tharwat, A., Gaber, T., Ibrahim, A., & Hassanien, A. E., AA=&, p22, p.57.
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B57]9 Aol ¢hA R 24 Ei AR BRIk ARRsHE RS oL
A A3]oh=2] Bl skelTt.
RGO| o274 7% Agdee 22 NG4S na st & o,
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cat
CApa pr = 'le?gi A At

Ad 243, gd $F(nsulClass)?t -8 HZH (AreaClass) Tt Zo] Fo} migl
W A AFEHE HEES Hud 2 Y9 Feature Scenario(I~1ID)oflA]
T RG/RG_PK 7|&a A=t A4 Ueson, Azt si=rt Eotda=
(Scenario IV) &R Abo] HHXHo=r FAEUL HIH AZAL
(YearClass)tt 29 (Location)at Zro] &7] 34 EAJ2 Scenario V] 8,760
239 EAS AMgStE et CAZF RG_PK 71&zke] Algtd oz vehydt) o
+ = Fob et 2= ASE0 4oy de ¢H5] HHsh] oHohe

oA Avter datd FdelH.

T3 19 ¥ 799RS ARESE Scenario V, VI HlWoAE Wibgd T
EtZl(InsulClass, HeatingClass)®] 7% &4 Hlo[HUIe2E AZF AAES
AR§Sh= Scenario IVOll 243 #&9] 257 453 qirh wHd, @ E40]

A 749 HlolE o] ©= AR W T4 AEO EF deS dF Ast

Hr} &2 CAE Zﬂ%ﬁ}% *Hﬂ SRIE Tt ©] | 42 HHo]
Aed A, A A3t AAGE BF AMohes ARG a&2Q A 4
o] 7t 4 la= AlAbRAL Stk

4.2.1.2 DR A& BHqA9 A3 BF9 A
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HAAE AF8SH= v|w A @43t Feature ScenarioAE RG/RG PK 7]&o
=2 AYEE Hilon, 59 Wl oyvx ARgEo] A FEEE
Scenario V, VIolA&= A% ZAAWC =L 11-7 ddto] st EeE=
ZAo2 ekt

2) -8 2 (AreaClass)
AreaClass®] 749 Feature Scenario’} IsA =2 45 CAZF ZxlHo=z
Ad=goY, A-F A Ses 2 Ba} nHHOl Al @277 A
T Aol TREHSIT ol= 4.1.280fA 435t 204D 7I¥t I]H-FHA
g Aol Area_m29] o5 Aol AUiAoR w2 Ay dyEAN,
LDAS] A% ZATIo 2= WA 2 I+ At HAdd Aol

Hir

T

oglh
ﬂJlﬂJ
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_O|L

3) AFAX(YearClass)

719 A5 (Leakage_grade) & A9 (Location)¥} 72 FLxA-2]2]2 Sl
YearClasse= ®E Feature Scenario®A LDA #A&x”7} RG PK 7|&31 &
2tol 8 Ho|z] o confusion matrixo A= o= #olEo] A S~
EL Fof TUOR £L AFEL BAY 4 e ol 41249 204D
oF Zro], Fof mjgivto=r HE o]

49 F4she de F249 A% 9

4) posterior & HIL

InsulClasse} Zo] ozl E3F M= X posterior7} 0.8 °o]4tol A%
FgA] BE2E HQl ¥HH, YearClass:Location®} Zro] E77F oefe H4
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A o Epslel o ot el Gsht A Sz u}w %

4 B¢ gl Wage AN ooAL 4228 olFoAL olag
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A
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o

422 DR 2AFAA a3t dAAR HAH
42.2.1 VSM-RSM £# 9] ¥ Feature 14

2 HoAe BE mul(Classifier)?] a5 9l TAE 98 EA (feature)
AL} A HE2E HoJsly, o]F wdl AZo| HLH WA

g7t AE 44L& Awtth 4.2.149 VSM-RSM 7|9k 2

AAE Feature 4 25 Higo=z, 2 AoA 5% FF Classifier=
VSM'RSM dlolg] 7+ 34 fASHEAL thofst AE
S s dA et FEE VSM 7]8F 204D E4 HEE
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AARE 1249 featureZ [E 4-4]7F Zow TU Fxo] A== AMI dlo]
B¢l 2024 RSM do]Elo] FA35}HA| %FM VSM—-RSM 7+ H7} AlA
o] A& SRt

[3 4-4] 204D Feature 7+%

HE () T84 a4

Mbol 4 Bt A= 7|4t
12D g% gAY e 12714¢] 4 Hat kWh A8 7]
(M01~M12) Z 1229] Feature Dimension 34

4AE X F5/7E X 24h

192D A-E x FZ/FY X AZF | ex) Fall weekend hl14 ;
71e&—-FH-03% 2A] Feature
o/ t ol AdE 204D EA HEE weet $AA HAZE otz AE
- 4713 A ES x2behs A2 APEE 27 miiel, o]F 438
A FeiEl= 29 7IRF S viE-E SS8otal 204D £ WE 9] AEA-d
F71- e §rdst 1A RE Sh55k= XGBoost, MultiLayer
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= 1
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2 ZeHr
42272 39 Class AA
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o

1o
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i

24 54, 194 E4 dEsE 94

3%, T
ol§2 EF VSM-RSM HEtEo]H el EAjstH, 3
)

d

o

ol Al Archetype ®
Z}zrol i metulE o] AHOlE 7|Nte g [F 4-5]9 o] 4
A S AAE FdskH
VSM A4 dlolgle] nfetn|gd BEx=2 AHeld (& 4-5]18 7|ftez 8
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1) HeatingClass : @ 42 F87] A= 9 dARge] 45 dig] 4
HAQ = 771 "eel, AAE e 7 ERoA ddider w2 A
H3-g AlFstE H4o|tt Scenario VO Hol FAoAE WaF wrad w3
FE e} oftt Fof Wdo] FEH= Aoz SRIFHUT

[X 4-5] 8 Class9] A4

HeatingClass | InsuClass AreaClass LocationClass | YearClass

CENTRAL LOW A_S (Small) Seoul Y1 ~90

Zopupd} 59 & | A M (Medium) Incheon Y2_90s

DISTRICT MID A_L (Large) Gyeonggi Y3_00s

Z] o ubdp 737 | A XL Gangwon Y4 10s

INDIVIDUAL | HIGH (Extra—Large) Chungchung | Y5_20s

AEuy | Jeonra

UNKNOWN Gyeongsang

7let

2) InsulClass @ @g45E A& <uel 94 A< Overall RSI score
- 7|sto= RSI 2xof we} s -39 -4¢ 152 FAstaeH,
oF Aol 204D 37 AP R’=-0.44 FZFo| WF=1 AL oA
-0.0022 "¢ WA vEept ]

18 Agat7 dFo] ol

rr

Mo

3) AreaClass A& 2] 37 7|8F BEAo| & Area_m2E R?<0.51, r=
0.7322 HIH w2 dF AJ5= Ho, 204D FeatureZ} W4 HO] Aty

2 ZJol WlT & Qe dEA Classz 2R3
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4) YearClasse AAWFHO ASFE vz &g #FA9 AVIE 7L
2 oA 7 #xte s FESHH o2t A7] 2 AR AE 9E Ve
22t 719 A A, S A FE T A= Y™ 7 HEE Rt
QAR A xRt} ey dA5dEs A AR mielate] ¢ A

g g FAHoz GFL AL P WG Aol Teht U4
AAD Rt WE BAlAL HBEAY A 7 Folr} mlujsta A]Fe
GFol F2 PP R51E Fo) BAHOZ vehb] o], Location

o )
YearClass®} & E5F do|&7}

4223 n2 35 2 B7F AE 43

2 AFolA F57t Classifiere] 455 AdAor Fristr] 9fsf, £ 4
AL st-% dlole ¥ WA Wt AR A9 g /2L ok
th. §3] KR-VSM 7]4¥te] 204D £74 #Elet A= 7]5ke] RSM 204D £7
HE o] HAL mdo] wpAeks WA|stal dutst g2 ASE & U= Al
AHel Boh Arfolck. B AL A AH§F AL Yolg] E4T 2
A Bio] BEAFPAH-ES dote], 5-fold wAHHS (k—fold cross—validation)
& B2 4308 s

WAHSE A VSM HolHAle F4T 2719 k7l subseto® EES

1_4
Ea)
z
J
d
5,
O
o,

% g AFgo2 Agstel %
ko] st - WIS SAFT o] ZaAAS Ed A HolE Bad ue

s Fasketal, et fde daArid, A4 dHeolHile aese

it

371) Neale, A., Kummert, M., & Bernier, M., (2022), A==, p.56-57.
372) Neale, A., Kummert, M., & Bernier, M., (2019), A=, p.3394-3395.
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e A9l QSFBSEMOIlAE oF 40,000719] VSM dloJelE o=
Location, Heating 5 W5 LDA B&F AYE F3stal 5-fold XAHASTES
A-gsto] ot =S AFER HF T3, 55] Fisher LDAS] A4ke} @2}
+ ot BE 4 U] feature Hl&ol oJsf H|AFA o2 HFSHH, o WA
ol Al Scissors Effectz} &&= 919 4ol UrEP)’ B 31%% 01%1421% 741]
AISFAHSTH, o] ot BE
ot B4 AdE 7R oA SRR &, SRSt

A Zasts wAgA dde] B2g 4 9t
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o
o,
o
2
AN
N
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>.
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ol

A 7 BAY, S22 7 Wt 9 Aolrt 2R A9 g SR

LERL375), LDAZF 7185k 284 Hak SHA0] efstE 4= AstE| Qo
B ApoAE QSFBSEMO] AAT ZastA k=5

k—fold)& Fstlom, do|go] AEZH WHFA

A& wtgstr] $lsf Stratified k—fold ”—‘4% 2-g-5 3l

1) A== (Accuracy)
Classifier®] 7H¢ 712241 45 A FE= A= (Accuracy) 2, A4 A& 7t
o

o] A HEe Wi v8S Uehirt Aotri thel go] FolHrpe),

Accuracy = Mzo}\;mt ’

o] 7] A,

N : AH AZ M=Z2=

Neomee * AHE2 2578 A4S 4,

o=
Accuracy% 272 o]

thl L
Hlgof Eatgo %Zﬂﬂ—t— 7

373) Neale, A., Kummert, M., & Bernier, M., (2021), AAI=8&, p.148, p.217.

374) Raudys, S., & Duin, R. P. W., A7Al=8, p.386.

375) Raudys, S., & Duin, R. P. W., A7Al=8&, p.387, p.390-391.

376) Duda, R. O., Hart, P. E, & Stork, D. G. (2001). Pattern classification (2nd ed.).
Wiley—Interscience.
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2) Macro Fl-score
Macro Fl-score= BE Zg|A9] AU (Precision)?t A& (Recal)S =

Ag 7}EA 8 Psto] AEstng, A% FHA0 AL Bk FAHGHA ¥
7t &= Qe ARZ Fl-scorexs H 43 Zro] AoH}3n),
TP, _
Precision, = —5——=5 ; k&2 A& A T A kd HE,
TP+ FP, - =
TP,

Recallk:m ; /%']7‘1] k %‘Oﬂ/\_] Eg-ﬂl ;;%O]'ﬂ H]%

Fl o= Fl,,
macro Kkzl k

_ 2PR
Y PR’

o171 A,

K 2L 4,

Precision, : k H# S~ UL,

Recall, : k H#A S92 A=,

Macro Fl-scorex= Z&#lA 2+ E27F B AQ] Aoz PR s
HWE 7FsdH sll=™, £3] YearClass-Location¥ Zo] #xH o=

oEle Wie] A%e Wt o Fas Auz FEEc

3) &5 BE

377) Manning, C. D., Raghavan, P., & Schiitze, H. (2009). Introduction to information
retrieval. Cambridge University Press.
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YearClasst= ASAL F7ro] Q1 A|7|2 FAEo] Q7] w&of A3-H]AY
el oA Q1 HIHSHA e

L

4) Random Guess(RG) ¥ Prior—based Random Guess(RG_PK)

LDA 7]¥t baselinee s of, 2dl Ao A (Random Guess)
w1t Hlwsto] Ayt AHE=RE B7tsh7] $1sl RG(Random Guess) <}
RG_PK(Prior—based Random Guess) A EE @7 At=5t¥tt. o]+ LDAZ}
AY BAE 7Ivtez ERdte 544, 5HS H4E 27 AdAE
RG F2 24 dolMA] Edh= Aol A=

7|4 T2 WAL,

RG=1/nc, ©IH,

RGPK = fjlpﬁ ot

o7 A],

Pi? © kA class AP BHE,

Classifier®] Z¥#o]al A 7Fdt 45 B7FE fl¢f 5-fold w2t 5=
719to 2 Accuracy, Macro Fl-score, Confusion Matrix, RG/RG_PKE& i
Be UEE AT AAS TG oldT Bk ABEES VSM/RSM 7]
Rb 204D 54 HHE dHo= Sk oot &7 ZE(LDA, RF, XGB,
MLP)] 4% Aolg Frsos SHE + b AWE vfusEd. £@

5] YearClass®} Locationd} Zo] ERXorg HsE sy 7|H¥F BRI} o]y

378) o|5]g, Yt (2023). LSTMS &85t dut FeHo] Ay 2 o= Al A TH=x}A]
AR =521, , 1902), 24-34.
379) Neale, A., (2021), AAI=E, p.96.
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HAEe st EE (a, number of samples)”} 93 WA Z=(f, number of
features) ot Wotof st UwtA o2 o/f ) 19 o] A gHo=z A4
2 T}380),

%, LDAE 22 T84S 35 (pooling)ste] A3 d-E& Autelr] o

o HHEE Holtet, 4% deolHddE AT 4% Asht 1t
S

oAM=
Bl B4 S overfitting) A 71 A EICE38D),

de TRt 5~108) odd o i Ao FAlo] XAStET, Rl
Addo] GHEE ZAox HIHT382),

Az el FMutte] QSFBSEMO] VSM B3R A% 35040712 1
ST mAE 7k 200,0007HE] HlolEAleA, BE 4 tiH] wF 49
Hlgo] @458 T4t 340 S¢AAY LDA &7/ AS%7t steshe
dd= Hastelet. olo] wet AZE YRS IARE B 1Y @2 YASH
of M4 5 &9 W, F d9v &% AR A4 g a At
3t Ae2 25y FFEAHL PASHL ol AA mA AAo| WE EF
A5 BEH 7Nd(optimal balance point between feature dimensionality
and classification performance) ©2 79|} T}383),

o= LDAZF MAFA(f1)-AER(al) £ oA or ESHASIT= 7]

£ BAstA =ojeh Axghrise),

QokslY, o/f > 19 2L LDAS 4314 A¥e It Hage] w2
~w]% ulgol], ol FRA PR o] ZAsy BF AA SA

380) Neale, A., Kummert, M., & Bernier, M., (2020), HAAI=%, p.589-590.

381) Izenman, A. J. (2008). Modern Multivariate Statistical Techniques: Regression,
Classification, and Manifold Learning. New York: Springer.

382) Raudys, S., & Duin, R. P. W., A7AI=8, p.386, 389-390.

383) Neale, A., Kummert, M., & Bernier, M., (2018), AA*=5&, p.73-74.

384) Raudys, S., & Duin, R. P. W., AAI=E, p.386, 389-390.
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4231 219 719 9 wAY BRed 47

Archetype ¥4 LDA 5 A] STEP 7} STEP I12 R&ste] Mafstgl
o W47 A3 Qs 3ol EAO) Aol BAE Uire] ERE [E 4-6]
3} o] Saatery.

N

[ 4-6] H4 7t Classification®] &4 E&

TE Step I-Location Step 1I-o}71EtQ] W4
W 24 2184 & (lat/lon) 7|4 HE (category) 7|RF
=2 3 o &ZF (continuous) o)Azt (discrete)
ndg Hh 3] 7] (Regressor) H 7 (Classifier)
219 7+ A A2 72 (distance) ZAY A T A gl
. A9 migl-) AE/g44d9
B4 dol= | A9 w9 2E 37 SO
LDA®}2] LDA+ #3E o] A54 w9 | LDAE A 4P
25 27} #oy
Random Forest _ _ HAEY o Zga B
A ZFa 3§ A ge1s o o EH—= T
2‘1]'@'/\5] ﬂ‘—l "“}—“- 'S)’]ﬂoﬂ (ol =1 7]__\8-_
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o]% W&y WLg EREE [ocation W4= QSFBSEMO] HiF 7]dto
AolPA|T, LDA EFoA aipxoez HEEZ ton o= =y A

Ho| EAE SHLE w2 AFULT F55H THe=

AN
B[l

)

)

N

lo
=)

Location ZHA|7} 9=/ = HHE

ix
7 A7) WaE Hesie] LDAS] B8 o8E Heksluz 59

d; = +/(lat,— lat,)* + (lon, — lon,)?,

71 A,

di @ AlEEOlA oA fE-FE o5 oA A7),
lat @ AA VSMeoll H-8H 9]k,

lat, * BFARARZ JEH 9k,

lon; : AA VSMe] 288 A,

lon; © ARLR =H Fx

N
RMSE= /= 3142,
N3

N : HAE z23tH F Aol 4=(IN=6000 ; 20,000 x 30%),

il

olelt &2, Area_class, BuildingType, Overall_RSI_category, Leakage_grade®]

Archetype W2 gt Afolo] Ag) Aol ZASH S Bk WP olat

Ace A wob AE SAS ol8F MAY 2% 1AY 1A B

< 2L Bt wAOl s didos Pl &
Ely R

| gro Fio
andom Forest Classifiers 2-&

385) Breiman, L. (2001). Random Forests. Machine Learning Technical Report. Machine
Learning, 45, 5—32, 2001.
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Random Forest(Classifier)= U35t st z2tn2 2 e o2 7o 24 Eg
(Decision Trees) & Aoz FASH & ZF Edl9] o= A9E 42 X
z|Z

7}
(majority voting)= Agste] & EFE 435t= bootstrap aggregating

7
o GAE ERVIE YR dHolEoA tit g2 HAAoR Am HE Z]‘
5 MES] Aol 7HsstH,
D= (z,y)L,,
o] 7] A,
D : g5 dlolH,
7 kEo Bk Fote] 19 mARtE nste] Ef 3 AHAIE &

o
o3 thAw 4159 WAL et S0l gtk

AGH) = Gt~ (3L Glt,) ~ X Gle)39),

1714,

ttr ¢ = B2 A Left, Right oH¢] &,
—1— 2p2387)

1714,

P, : k WA YA HE GO - LE EF
LDA9S] A4 Ha 7o)l KR-VSM A& mje o] AA| 25 43| HtY
ofZ] Fottt= HS 2RIgto] mal, thehd ER 4] o2 Random Forest

Classifiers E?J,?‘S]—%il:} Random Forest+= _E_E] 7]‘?_ H /,‘_53 ot L% 9 of
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=

4>
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rir
i
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olN
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%
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2
4
1o,
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o
o

386) Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning:
Data mining, inference, and prediction (2nd ed.). Springer.

387) Hastie, T., Tibshirani, R., & Friedman, J., p.308-310.

388) Breiman, L., AA=E, p.5-6.

389) Hastie, T., Tibshirani, R., & Friedman, J., p.305, p.597.
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FANAE BlwA QFPAQl A5S 82390t R= A4S 1efste] Random Forest

D 27 71¥re] Location ¥4 &7

LDA7} Location &FlA Z7]1B(GYEONGGDH Z4A(GYEONGSANG)
ox A& EREe WY 2AE Edel =, A9(Location)& T 7
(target classification)7} oFd A453 3] (target regression) =A|=2 ZHA 2|5t
of 7} 2193 d#ot= Ax(lat) - H=(on) FHEE o= HAsty, A7t
A8 AMEF EA 9] Scenario I 718 Random Forest Regressors Sh55H%]
o} k59 4yt 319 7|t Location 54 A}t f|o]EAlof 4] RMSE+= °f
0.8492° 2 vehdteh ol SE 9 Awe] Aol gt o4 WIlE A/
B 1° =110 kmQl A& Aetetd 771 FH+9] difiES 542 2R 7AH
7b 7FsshH LDAe] Hlsto] @At E4 EF7F 7Fsckleh of7]elA
Random Forest Regression= 3|7 E7] 7]¥H(Classification and Regression

Tree) 522 bootstrap MES train(70%), test(30%)=2 d|o]E|E E&s}

= =
oItk n_estimators=20070¢] Zt E&: bootstrap® 14,00072] MES &
stal 3lgte® MSEE HAdfolie® oh5otgit.
2) MY BF
2 AolAE LDA 7|8t BF7F thE0] of7|ehe] Bigo S04 4
Zeia HFS Bof e, diohy ERndax uxg AHAFA shgol 7t
55t Random ForestE -85} th. Random Forest+= E# 7|WF GAE +

£ Foll AAE A dlolEo] WAE HAE S Hoh fAcHA =z
4 9ow  E3|] IDAo TP=0c® E&Frt ok BuildingType,
Overall_RSI_category ®<pof] dfs] =& Ze|2oflA 2] Ho]H 2] Recall&

EN

o2

390) Chen, C., Liaw, A..& Breiman, L. (n.d.). Using Random Forest to Learn Imbalanced
Data., Department of Statistics,UC Berkeley.
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woto] 257719 754 AHS st
@D Area_class 25
[ 4-7]9] Area class® £% Z3} Random Forest(RF)+= Area class
ZoA Accuracy = 043072 7|26t WA 7|¥t 517tog BHEL 7
FAHolx=  Eeal 55| 40m olste] @ WY S AlA
Recall=0.742 &2 45& El=t, H:— Salhi qo] A AHR] g2l

A wgo AA et Wele] 7xAQ o7} viaiE Auta st

2 Ac

=

[E 4-7] Area ¥Ho] E7 A& H]

Area W49 LDA &5 ¥ 23 Area W°] RF &5 34 4y}

AreaClass - Confusion Matrix (LDA, 5-fold CV) Confusion Matrix - Area_class (RandomForest)
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oNA 2t 17% 4529] Recall& 2FH s

AA ATl 050352 £ o} ol AR Lz xolHt}t ¢Fulo]
g wiglo] oJjt Fof ME/do] ¢ 2A 285ty fleez Heldh

P ol
o O
[

ﬁ

ru°1‘

- 166 -



[# 4-8] BuildingType ¥4 &5 A%

BuildingType ®4=¢] LDA =% 3 Z1} | BuildingType ¥4°] RF &5 & 2
BuildingType - Scenario | (Confusion Matrix) Confusion Matrix - BuildingType (RandomForest)
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o] LDA iy
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A9l BuildingType 48 sfddgtoz

) Overall_RSI_category

[ 4-9] Overall RSI ¥

ELE | Be]
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Ayt
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Av A8 ARl digt A127F oftt WMo dHides W2 ASS

At ol KR-VSME| #Algd /7 A&ERd 9 9 4% HEE
4 w7 HES 4 oy, A9 HolEtter RE @4 EA4S ¢

Aot F4ot= Holle 24 AV EAFES AJAR
424 ERASE B}t
4.2.4.1 k—fold w2135
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%@ (class imbalance) 7oA Rdlo] £4 AFolut Ade| =gt A
FAsh= d mIHolW, LDAZE 7M¥stke 2da b Bt SAA
(class—mean separability)= 2otz Hol= f-2]tr}39D,
(& 4-11] k—fold 77 4

Fold | Accuracy | Precision(macro) Recall(macro) | Fl-score(macro)

1 0.0715 0.00341 0.00996 0.00469
2 0.0750 0.00330 0.01111 0.00479

3 0.0785 0.00421 0.01271 0.00590
4 0.0730 0.00310 0.00921 0.00436

5 0.0755 0.00456 0.01679 0.00648
mean 0.075 0.004 0.012 0.005
std 0.003 0.001 0.003 0.001

oA AL FLzm KR-VSM 20,000719] 23270 S~ Archetypes
de= LDA + Stratified 5-fold AFE FF5t3e™, k-Fold wat HF
= T A7 [B 4-11% Zo], E/719 AutHQl AolA Ak
(Accuracy)= 0.071~0.079 H<l=2, B 0.075 £ 0.0032=, Precision B+t
0.004, Recall 0.012, Fl-score(macro) H+t 0.0052 YERGTE ol= A &
g 7 BAY HolH7ZE AstHA ExtFe Aol dEtdos Yehhes @
2 AHgr 3 APt Fold 3¢ Recallo] Precision Ett 0.012 )
0.004= 3BH = e HyloH, o= 17} v 22 sk
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391) Balakrishnama, S., & Ganapathiraju, A. LINEAR DISCRIMINANT ANALYSIS-A BRIEF
TUTORIAL. Institute for Signal and Information Processing. Mississippi State University.
392) Raudys, S., & Duin, R. P. W., AAl=8&, p.385.
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ocation¥} Archetype W0l oigt E7E& &

23270 o5 EA2 FoH Archetypedt #Y 7|8t Location W42 7

5-fold Wz} AFoNA Accuracy@t Fl-scoreZ} oj¢- W #F0=2 UEGTE

ol LDA & A3 & wtez EFS tF SH4L X5

7

=
owq oot L At EE 4 oy

o
Y,
i -
i
rO
—

_IZi
o
ku
to
_>;L
N
N
o|N
N
o
O
ol
_V,L
rlr
R
o
re,
-
1o
w
(@)
o
w
o
&
s2!
a
Q

e A

oleiet eAE Hasty] 98l 4.2.38 A= FLet KR-VSM HErH ol E
€ ez 37 7|dh HAdY % 22l Random ForestE AASHHH.
Random Forest:= winter/summer proxy per_m2, 7|-8s} X%, & =
2l |4 55 o8 EHo= AMgote BdZ FE5k3ith Random Forest7}
A4S dhdes RURe & 9ol LDAYL g W4
Location-Archetype?l M= dA AL o] Q= &9 = A2 &Hs)

7;—}

AX =
o, ol ¥ FREE Sof T HE-HA-AY 5 294 2o 8

393) Raudys, S., & Duin, R. P. W., HAI=&, p.386.
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de] mAE A G AT 4 grhs el gtk 23 DA

z3|
linear baseline® 2 H& WolE AHZglsl= A5k 4385117 Random Forest
1

L o]% DR 4:90]Z @ RSM-VSM H|1 EAojA] A& AAZel u|A
4 oz ndo] d9e 27 gyt Age Ayelstln

ol gt WgtoA Z HofA= LDA & E

oA o= H=7A] FaRt 78 F€= HA=AE At o
4.2.34 9] Random Forest A@¥} ¢ il
7t F BECo= FE37F 20,000 7HE HlolHE WAL R, AEoEw AL F
st UERY = F 709 proxy EA<Q winter_p_m2, summer_p_m2E YHOS
2 35kal 23270 Archetype2 EZlo® AASH A} [F 4-12] oA} 2ol
5-fold w2 A%F B FL=E 0.071~0.079 HSl, H 0.075 £ 0.003]

27 om, Fl-macro 94 0.005 + 0.001 $F& vl YA vrebi,

e N,
rE
N
o
BN

[® 4-12] k—fold A& A=}

s B REEA
Accuracy 0.075 +0.003
Precision 0.004 +0.001
Recall 0.012 +0.003
F1 macro 0.005 +0.001

ol 23270 F 44 Archetype S22 BE 71 4] o EFSE 3
=

£ o2 fr X
o,
au

[ 4-13]= B ELE Y 2] (HeatingClass), @ S5InsulClass),
ZAE(YearClass), H4 F7HAreaClass) 522 HFO7HH winter+summer_per_m2
22 fdgor ARGt LDA B d3E 8ofqt Zo|th. HeatingClass(47}
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ZHA) ] A Hot AZFEE= 0.606 + 0.000, Fl-macro= 0.430 = 0.001
2, Ag W Bojel ol W Relehs thewt 54 wud 7 Agan
L Ae gag 4 9
[ 4-13] X3l o2 LDA &5 8= Qo
=& Accuracy Fl-macro
49 27 | B2 22 57 zg
- (£std) (£std)
A
Archetype 232 | winter+summer | 0.075x0.003 | 0.005+0.001
Archetype
oy w24l | HeatingClass 4 | winter+summer | 0.606+0.000 | 0.430+0.001
&44d 54 | InsulClass 3 | winter+summer | 0.903+0.000 | 0.316+0.000
AZAL | YearClass 5 | winter+summer | 0.3014+0.010 | 0.184+0.007
HA 37 | AreaClass 4 | winter+summer | 0.4754+0.000 | 0.161+0.000
Are] 10 Archetype
10 | winter+summer | 0.1654+0.007 | 0.068+0.003
Archetype | (top10)

4 532 InsulClassoll tislAl AccuracyZ} 0.903, Fl-macroZ} 0.3162
2, winter'summer Fol&o] AE ou A= HT AY JAE HoF
3 ot AAR InsulClassE =2 winter_p_m2%F ARE<QF 739 summer_p_m?2

A
7]

232 AT A9 7

gy =

gk ARG 749 winter+summer

B2 YearClasse= A& %® 0.301 + 0.010, Fl-macro 0.184 + 0.007¢9
JF o™, AreaClass= A2E 0.475 + 0.000, Fl-macro 0.161 + 0.0002%
&, dihgde] vl £t @tk ole HFAETE T, 7124, A
& T o7 899 B A= YeUdA gestA Aeoge] Wt
Bls 7oz Agxon Ralxy| olgdot= A, 181 winter/summers
HHor UwE p.m2 40| WA Aol 27] zolE AT Fi A
Atz AT 4 QojA o] YearClass@t AreaClass= LDAQ] Aq E|of
g A9t MR YeyTh
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B

Tt A 23270 Archetype %
8,065 ®he FEoto] HAA At

g 0.165 = 0.007, Fl-macro=

2 L7 w2 A9 100 2HaE £
(upper bound)= H7Fet Ax, H+ A
0.068 + 0.00322 oA /JAEAS

[

U, offds] AR HEE 95t 59 BEF Aeodes A X uHt F,

winter-summer & 7Jo] A4 HLewtozE UHb HRALGHE . AL TH A o] EA]

of "td® VY Archetype AEE FHS] Ry o]P1, A9 o
]_

71Rgt LDARE 7221 fAE 2 35S HAEH.

43 AZ W Sa g AG AsA AF

Al47gol A= VSM dlole o] Azt T 9 wfiel AdAdE FEAI717] $1sh
Elastic Calibration 7|2 Zsty, AzEgolAd A-To] AAF dlolgo
ois 204D 54 WHE 247t sttt & HolAe o] & 71#] 204D &
A S 5L Classifier Al

2ol EQI5}4], YearClass:Location 5% A%
I} Year-Area_ m2 3|9 Aol o€

A g =5 AFH oz v|wstct
43.1.1 E5 A% ¥lu Axt

YearClass®} Locations 422 RF-XGB Classifiergs 283t A7E A
2|3t elastic_cls_comparison. ko] A&H ZAyto]| w2 Elastic Calibration
A-39] Accuracy W Macro F1 Zto] €435 UK (& 4-14]19} Zo] Yehytt

Elastic Calibration A7t &5 9 AEE miglo] A4 FFH4ES RSM
T AAA7]= Aolw, 2 AFolA AQeJRt 204D £ HE = olt A

A F2E ol S29] EASEL o

s

M)
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[¥ 4-14] Elastic Calibration A% E% A% vw

Mode | Target Model | n_samples | n_classes | Accuracy | F1_macro

before | YearClass | RF 20,000 5 0.23395 0.19940
before | YearClass | XGB 20,000 5 0.28000 0.18504
before | Location | RF 20,000 7 0.19920 0.14641
before | Location | XGB 20,000 7 0.26465 0.10067
after YearClass | RF 20,000 5 0.23395 0.19940
after YearClass | XGB 20,000 5 0.28000 0.18504
after Location | RF 20,000 7 0.19920 0.14641
after Location | XGB 20,000 7 0.26465 0.10067

webd Zelpdold Aol YARARY WHoR FAT PA WA
859, 204D EAE AATE FRACE GAA 24 @ SRR U
1 9leh. 91 Avke olEjst 223 S4o] £ Aol Iz v A
=

A Bolde] 204D A HiEl F2E FESHA] koA RSM

o

A T )

2 ol

43.1.2 319 % ¥ A3

Elastic Calibration A% Year®} Area_m?2°] o3t 3|9 Ae= Huwst 2
+ elastic_reg_comparison. X o &=l Qlom [# 4-15]¢F L}

w5 At} mR7EA R, Year?t Area_nfell theh 2|9 A oAl AelBe
ol M-F FTU el AH}E &QIst:. ol Elastic Calibration®] A|
ZH o] ARt Bl 225 ZAsHE, 9-AE-AIY Bd solA 9] F
AR FxE IH2 BESESE AAEY] diolth

ol4fe] AxfeA 204D Hsot SO 2= YearClassE 37 WA ow 4

=
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[¥ 4-15] Elastic Calibration A% 3|7 A% H|w

Mode | Target | Model | n_samples | RMSE MAE R r

before | Year RF 20,000 1.3782 | 1.1285| -0.4273| 0.0167
before | Area_m?2 | RF 20,000 | 17.2068 | 13.1478 | 0.5088 | 0.7327
after | Year RF 20,000 1.3782 | 1.1285| —-0.4273 | 0.0167
after | Area_m?2 | RF 20,000 | 17.2068 | 13.1478 | 0.5088 | 0.7327

~0.51, r=0.73 %94 >7F

S FAdt Aol FAHt. =, Elastic Calibrationo] F7F4Q1 Fa2
TASHAY WA - Hol 71o] AW FRE F&okA] it HS FxHe
2 3QI% 4 ik

43.2 DR A& 9t AFx Ax AF

2 AFoM= AAl RSMoll disiAz 543t 204D 7€ 485t
rsm_feat 204 x & AASIET. o]F VSMoA AMEHE  InsulClass — XGB,
HeatingClass— MLP, YearClass—MLP, Location—MLP, AreaClass—RF X2
g 23S Od2 H-goto] RSMo]l tiet Classifier 953 45t
olgA 4=H RSM A S §de Fx9 VSM ATl Hlwto =4,
e -5 Feature FXotA4 VSM3F RSMo| dupt FARE Earet
sS4 moleAE Brlelsit

e we S

£ ofr

43.2.1 VSM vs RSM 95 EX H|@

t

VSM¥ RSMell sz} 5Lt Classifiers A-85tH, ZF g3ld
InsulClass(HIGH/MID/LOW H]& @ Z} Z# A posterior probability &
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i), HeatingClass(CENTRAL/DISTRICT/INDIVIDUAL/UNKNOWN)9] Z
H]-&, AreaClass(H2 7 Bi) YearClass(A]7] ), Location(F9H

=2
e NEO0R FAF |FoR Mt Hssi

[# 4-16] RSM-VSM9| &£ & H1

HeatingClass: VSM vs RSM class distribution InsulClass: VSM vs RSM class distribution
100 - 100 ] =
. RSM B RSM
80 80
z _
o 60 § 60
r_ﬁ % % 2
20 20
0- 0 . .
C@m\?“ oSt v " V»“O\N“ Aot oW WO
(a) HeatingClass (b) InsulClass
—class ratio (VSM vs RSM) —class ratio (VSM vs RSM)
AreaClass: VSM vs RSM class distribution YearClass: VSM vs RSM class distribution
60 - VsM 60 - \sM
. RSM B RSM
50 50
g gw
Ex £
o 20 E 20
10 10
0 0
P/\‘ A,\'\ P} N }\« " }‘390 ﬂ,‘)Qs o pQS “ }QS ® }0'1.09
() AreaClass (d) YearClass
—class ratio (VSM vs RSM) —class ratio (VSM vs RSM)
¥ 4-16]-2 Elastic Calibrations S8 AAE VSM Hlo[g ¢} RSM o]
Elo] 5% 204D Classifiers H-g3to] T&H 7+ g7 #4d Zeia 2x
= H|walgh. o]x VSMo] AA| ABEFe] L2 EAV BIZEs duh} %

A5 wgetn YeAE Ao, 5

3 3
VSMit RSMe| tsl Q¥hel WAle s AEsH=AS selske d 9tk
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A,

1) HeatingClass= [ 4-16]9] (a)ollA] Fo} mfjglo] diF ®h2Ajof what
TFRACE IR tiE HER, VSM AA I oA] i A A
e7F FEEo] AYEUth.  HeatingClass®] #i&
INDIVIDUAL®] - H]&o] oF 90% o2 vl$ &7 vestt. ofof vt
3] RSMollAl= CENTRAL® DISTRICT HlZo] Aidom =4 vrehych
o] HeatingClasses VSM—-RSM 7+ Z¢l zpol7} 71 34 Y= W
T2 SRIEH, &% VSM 1kt Be 7] BAS Fo AA I FH
RS Hgshe F7HAQ 240 "ajt goow

2) InsulClasse @ Asof 7|dgtste] BEash W4z, WJydr Bah afE
v AR ddEE £S48 7L S [# 4
U VSMJ} RSM EFolA HIGH Sw°l 7 9% +E2z 90% ol
o=z BV AesHE agE € . o=
st 70}'5}74] FEo] 7] wiZel, AU LE ZHte s AHE VSMoA &=
g sl derHor HIEA

il

3) AreaClasse= 7 31
~E0] WA Faeto] AoMdE Hrtste Fast
oA Hlw Axf, VSM¥t RSM 2% Sy |2 kel A Lo] 237t 71
A Yebgou, RSMoAE A L9 HE
A_M HFZ VSMHEH Wit} o= 4AA] RSM Hole|7F §4 W
60~85m" <=0 T WA Fro| FstA "WFE] o
Ed FETE AA AAF \Adol tigt FA} Yot

, VSM2 A= A5 SAE 7IHtes B2 39S 1gsto] ookt |4
?ﬂ% GEHor Hlg 24 WA o=z A7 wwol, 45 |t 4
AR B Ee= 4 3EE Ay yehd Zo= SiAEoh mhebA
AreaClasse ©175] RSM9] 4=

o &% VSMe| 7152 24 T & 2A7F 2 5 e HoE
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r-h:
H
£
i

ol A Y2_90s9F Y4_10s7F 7Hd =2 HlS= 2HAIsHH, AAA] 5
T3t Al FUTt FEfE WEFRCE Y1 pre90 2 Y5_2020p +7F FA F

glo|g|Al 7Fe] B zjo|7} uf$- m|n|shi),

ol & AFolA VSM= AT ol A ASE &5 SAl 7|6kt A=
A #EE Itz Aget Z2Fold, 44 RSM HolH A =7} A5=

gt Fde A4 F2E wFgstar Q7] digol VSM-RSM 7F 94 o]
m]e =7 et Ao R siAHEh E5] YearClasse &5 RdEo] o= A5t
T e =4 Fuete, 2x2 34 (distributional alignment)©] ¢ =
< W42, VSM 7]5F mdo] AA| A&7 A4 F+2E5 AdsHAHh

4.3.2.2 posterior_gap AlE|E H7}

A=e ®7F = F SPHE posterior_gape 1919t 259 S A9
posterior probability 2Fo]E &Ju|shH, gapo] 245 sig o= digh =@
o] Aol w2 Aor FHT £ k. VSMIF RSMel s
posterlor gap X5 HWSHH, VSMoA= ¥t 0o=® gapo] A Yt

A, RSMOAE AiE ez gapol AAY F71H2cr 2 9 &S THst
= O]ZJ £ OOD_flag=1 H]&°] F7tste ol BEE = o °]
+ VSMo] AlEold ZIRE dlojgo]r] wie] Edlo] st fofefe} mi¢
AR fES He A97F §a, 2 RSM2 F2-H1384 AL sig-AE
2 HAY g4z Qs 2840l AR 5 7] et

gt 204D 7|4k H]AE Classifiers AA] RSM dlo]go] 2]
gote o, ZF g7 HEE oF A=re] Afolg H|uwst] 5 gap BE
S VSMI} RSMefl i3l Box ploto2 AlZtstatedct.

24, HeatingClass_gap [E 4-1719] (@) ¢ VSMoAE FU5o]
0.30 o= =A Ve, W BHAof gt 5@_194 SAE7} o =2
o2 Zeldt, ¥hH RSMOJAE gap FU#el oF 0.07 &2z F73]
oA, AA BE A 0.00-0.18 ol HFEol R AFETF I7

AV
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)
P>
o
rr
ol
ol
o

B

[# 4-17] RSM-VSM ®4= 7ke] Box plot HlW

HeatingClass_gap (VSM vs RSM) InsulClass_gap (VSM vs RSM)

0.00 | £

VéM RSIM VvsM RSM

(a) HeatingClass — (VSM vs RSM) (b) InsulClass — (VSM vs RSM)
YearClass_gap (VSM vs RSM) Location_gap (VSM vs RSM)

0.175 4
0.150 1
0.125 1 0.15 1
0.100 1
0.075 4
0.050 +

0.025 1
0.00 1

0.000 1

VSM RSM VSM RSM

(c) YearClass — (VSM vs RSM) (d) Location — (VSM vs RSM)

HHH InsulClass_gap [3E 4-17]1¢] (b)= VSM¥ RSM HE5FolA gap Fkol

0.8t &2 FF= FASH F dolHMl It £x Zol7t Aol UEhA|
EATh ol ©E eFo] R ovA siRldte] AudAt we s
A, REMOJAE & o] 571 o|z] 4Hlo =0 AAae ou|gitt,

YearClass_gap [E 4-17]9] (0)¢} Location_gap [E 4-17]19] (d)ollA<] 7
¥ VSMi} RSM EFoflA gap gro] W2 ®efoll fiAlstH Avrzo=s A2
= UEhllH ol ARt X9F EA AAZE R s 2]
AEHAZE 22 A, FAS AN BRUy off, HH WA, AFA}
S ot Fst mfiglo] thefstAl uehd 4 Q7] wiZelth. ot RSM]
Sl VSMET ot A vEhitou ods] gap @2 Hie AL
YearClass/Location 2 AA oz AZrr} ke Hx Hpg A5 4~ 9l
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433 DR 43 AHE YA} Extractor GA AIALE

433.1 A5 Brst A= ool dE SewT

O

<
w
<
o)
o
,
rr
re

2 A9 343-NME v 34 Qe A Hol™
S 7I¥te s FEEQTh a2y 4324894 AAE VSM-RSM  Classifier
Ao A= o2et AP FxbE o] Aolrt A HlEo] UEhdth o]
L 9w dE oAt ofel VSM A4 AT Classifirs] 25 927}
72708 garl gEols, the ¥ /A ReleR Beks] 49E 4 Uk

N

— —1' o
AFEshs S48 g AR AAE 2=t TEbA VSMe| Addides
B el BA BR9} Classifier’t AFSA o8 228 Bzl =93 gdgr}
glon, Az Mz oE ol vetute Zo] AdLdo



ol LDA9] 7] =& §& FEo] e vz I ¥4 Exs 27

VSM A4 2xet 34 gtz

S

B

3) B2 Ao Afo]
VSM2 ot=9] F&559 de 259 o
Zldto g AyAE whd,

of ol&g vinyg = =

Eo] AreaClass®] 7%, =7} HA 54 715t VSMeAE 40~59m' (2F 30%),

60~99m*(2F 48%), 100m* ©]A(11%)9] F+Z& Zt A

70~100m* 75O FHE FEo] trkE AAgieh
o]2 <ldl RSM 714t Classifier A¥t= A_L(A_Large) HlZ©°] =A YEetd

A, AS Be AM T2 AA vEido &, A =7 $A BEE w9

VSMIF ©2]-2]9 E4Ao] 75 RSM 7hole Bx 7]%o] th27] o],

Classifier 7% 9 5 gA vebd 2= & 4 gich

8

EN

. do
N
N R

Jdo
i
oli
ol
rr
Fo
ro
L
L
2
i

4) Hsl miel FAH O A
YearClass:AreaClass@} 2 1x2& H4E (Classifier?] 42 feature= 2l

HATEHA gebr, Bd2 o2 75t fdo] A Aenter sy ®

TE FEOF ks 224 AT EAAH. YearClass?] ¢ =71 F7
£ 7|dto g VSMo] Wt x]o] QJx|9t Classifier~= 1990s(Y2), 2010s(Y4) 5
3 A7 7% Bk oA

4.3.3.2 Extractor AA12] AJAFA

Zrol BAS E3] 204D Feature 7|¥F Classifier:= Elastic Calibration
oA VSM-RSM 7t BAA FZXE HAH o2 FA6lH, T 53
WA Kol fj"o] ol dtg e 7 il g o disiAs w2

o]

OE S i

-
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defl gk Ha
A AT 2z}

Wet B gold SeE Classifier 7290 4% o8 AoA A
Extractor 1F2] AA9] =7k as

Sz A5AE S Y3t 35 Jule] A% AR gid mauele

%,
N

)
lo
ku
)
)
re
ol
L)
_:)
J
>
fin}
lo,
e
ol
o
>
r

4 pe o

AN
o
(0]
H
)
)
=
o
e
lo
=
gl
jTO_lL
)
=
ik
ox,
ol
olr
o
1
i
N
2,
>
g{:
o>
)
X 9

N,
P

do o

44 24 71 S0 Wg AIHE A4 A9

4.4.1 DR 4% A5 A= $I7F Extractor A

2 A9 Extractor= RSM HlolH2RY HE0] Fx24-52] otetnly
S 9FxAsH] st AN BERA, C(Classifiero|A]  A=%  Posterior
Probability, Posterior Gap, OOD Flag 52 & 7|¥F HHE HIgo=R
VSM 78t DR-VPP & A4 QF5+= HeatingClass, InsulClass,
AreaClass 59 = menHE IR ER AFAst= 752 s} o
23t Extractor W2 A3 A9 QSFBSEMOA AARE AntERE A
of IjEl-S &8st = A9 FE(Classification for building characterization)
of gt eI shgdolzt & 4 glow, E35] VSMe| Algst= it
W AlEElold Z1HE Holeals Zgal A Al xRl RSM Hlolg= dvtst
St S AARRIE HollA ehEd o7t Ao

394) Neale, A., Kummert, M., & Bernier, M., (2022), AAI=2&, p.14-16.
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4.4.1.1 Extractor o] E& 9 mlojzZalQ]l X

Extractore= 204D9] AIZHA A ARE A4S oz A= 8 F%
Au] EAS HERSME Classifier T4 o]%o] HjAEHE=
inference) 71¥+e] whefnle 274 EEolth. o] @A 9 A4 HAHL Hol 1
oA fojdl AR ASE 4AA DR-VPP AAo] & 73t dE £474
HEz Wgslal, VSM-RSM 7He] &H|Ql Zol5 HASHH, FHo=w AlE
gdlojd A9 dEgter HPHEE we= Aotk ¢4, Classifiers= AlZH
Hoodey Bopo] mield EATRS AR8So]  HeatingClass, InsulClass,
AreaClass 5 A& #24 &4 &&

Jeiut i Al g A d5deHy 5
Elol], A2 ol Asete] Aol &b A
QQlo] gt QSFBSEMO| A3 dAFoie Fdet —ErZﬂ% A A5k, LDA
714t Classiﬁer% Hol | AdolA 7P FRET B2 Jﬂra‘rulﬂ AT+E 2

Sh= A2 14@'5}1] gon, 4 & 9 1% FA st A ow E}D*
e £4o=x WHeste #go] "aAolrt. Extractore ©]2eh 324

?l_
=LA E 25t 95t tadt 2ol AA A,

1) Classifier 29 =24 As{A

Classifier7} A|-8ot= posterior Z-EHE ] thdl|l posterior_gap®] AlF,
2] OOD flag®] o4} ©=x], 181 Elastic Calibration 7]5te] Afjujj=g
= A8down, Hot fwlo] FAX FEN H= =9 54 19
BAgt} o]l QSFBSEM®| VSM-RSM HlW Ado|A Zxd 7}
|8t o+ A7t AA RSMell 484 o dAgst= ZHQle]
AS hAsk] SIe W5 BAlo|cksn),

M
H

=
to

1
o

=
o
o
N

T

Hu

395) Neale, A., Kummert, M., & Bernier, M., (2022), A==, p.40—41.
396) Neale, A., Kummert, M., & Bernier, M., (2022), AAI=8&, p.11-13.
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2) VSM~-RSM ZHQl A 17

VSM2 =7} A& £A5g 7He=s o g4 AY =2
RSM2 E4 219328 =-Ad 5 HFs de=tte
2tA FLT ClassifierE 2-85tHze F HolHwoA o L X
=27 vehdt,

Extractor= Elastic Calibration®} Classifier®] posterior_gap B4 2
ol VSMoflA AAE B2 Fx7F RSMoAE o]8d & s A T
5

AZ A 9HA] (statistical consistency)2 S]E2SIE= Jhct,

3) DR-VPP 4 wt=tnje} 2bs A7
DR-VPP AlEH o] TAE= 71=E% HeatingClass, InsulClass, AreaClass,

Location 5 &4 AXHE TQF sttt o] AHE= DR At +4, VPP H
ey 24 5 oUw 29 oA S gl

Jl‘)

A FES Aoz 4 7 T
otetoel2 ®HEkstal, o]E VPP AJEHo|E7l Qs X0 w3 Aast
ot &, Extractore AA &4 RHA AMgSt= AE9 B84 EA Ot

e[S A Adshs dlolE HEh HEod,

Extractor~= Classifier7} A=t

H ZAAYAY A7 5L A 4

Extractor= Generator — Classifier — Simulator @4 AAHE AZsI= =4
518 o&e 4385ttt QSFBSEMO] BSEM I QoA & VSM-S 7|4t

= o550k, o] WA AF Rdlg Ssh= oot 27 A

ZEeY, 2 d79] Extractore ©|9F FARRE x4 YAE AHA]SHH, do]

g Z]9F 57 da-) =] 7I5F Agdold 5Ee AR o]ofEr}on,

Extractor= & @72 DR 7|9 Aladlold AA9 A=Ada Ag4d= &
Hoh= A4 FAH_40lH.

397) Neale, A., Kummert, M., & Bernier, M., (2022), AA=E, p.41-42.
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4.4.1.2 Classifier—Extractor—-DR 94 +%

H Ao A FASH Classifier — Extractor— DR A A= VSMEE?—H A

B AAE Fob diE-& RSM HoJgof AZstal, § ozl DR-VPP 2]
st A datnjgz Asksly] 95 3¢ A 1z2 AR 1 T=
X QSFBSEMOJA] AH|¢tst Generator — Classifier — Extractor R &2 SH451o],
= FETH 543 DR-VPP A84E 1t 234 JAEA A7
I Zlo] EAQO R o A A Fxe ot A

1) Classifier T4
204D Vector FeatureE Wrot HeatingClass, InsulClass, AreaClass, YearClass,
Location 5 A= ‘5,734 AMT st WEE AFESHe) o] thAl= RSMo] ZH
de g 17] ReltoR eFsHe o, Kot W

Agaa ore Be A
AAo] ARere Aojst 2Este] LAY A vehdolE g Zokgit

S

2) Extractor THA|

Miel A= e

D fla e 7|8 AL

= WY %Ei.%k DR R elofA]
o E

=
w74 DR 294

=

=

Classifier2 58 Hg® 35 WS 7jdtog 1A

rz ki

A& 235k, posterior_gap ¥ OOD

S1T}398)399). E 5} Classifierﬂ Zﬂ%ﬁ}

1
, Extractor+=

398) Kim, D., Lee, S, & Choi, J. (2021). Out—of—distribution detection in time-—series
domain: A novel approach. Journal of Machine Learning Research, 22(1), 1-28.

399) Bouktif, S., Fiaz, A., Ouni, A., & Serhani, M. A. (2018). Optimal deep learning LSTM
model for electric load forecasting using feature selection and genetic algorithm:
Comparison ~ with ~ machine  learning  approaches.  Energies, 11(6), 1636.
https://doi.org/10.3390/en11071636.
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3) DR A &4

Extractor7} 4F&3dF HeatingClass, InsulClass, AreaClass, YearClass,
Location®] £47E &8sto] DR o] 58 F49] ALt 5& St
ol A4 W =W VSMolA AAiE DR Aeles A% slwe] RSM

K o e 0144'8}—5— A ATs o= dAolH, B A9 (Classifier

Aske H FFAe2 "o &% ESS S Alofx
A A%, VSEHaae Fob Hek(Aggregator) 2P o2 2 89| 7Rk

4) opetnle 24 FD) @A

F1 ©@4l= DR A4 Adje] 24P o2 (lassifier”t 4F&%t P_HeatingClass_
%, P_InsulClass >k, P_AreaClass_* 59 &% WE<Q} Extractor 11212 5
Sto] DR Rdlox Qg o= &4 mengE HFH o= st 1
olt}. o] HeatingClass, InsulClass, AreaClass, YearClass, Locationd} Zo]
DR ¥FgAol A{A dF= Fv +24 ¥MeE= Fof delvte=z A4
St @Aol

&3t Extractore= posterior_gap ¥ OOD_flage 7|¥te=2 At
ol AL E AHFHoz Hrlsh oA 2 AAG} o]= DR £9lo

g0 -

;[8_
EPS —E—%—Er% Ath7 DR =203 7

[
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o
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flo rir

=
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=
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QQ
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2
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filo
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5) DR Al IWE 28(F2) 9-Ald® DR ws4 223}
F2 @A A= F1 @A 249 £42 7] 2
(Response Potential)-& AAtsl1l, o]5 E4 DR AIHE=R 1&3}gtctt DR

gL [E 4-18)7 g 724 89le] xgoz AYWL

- O O

rE
o
fr

N

N
=
4
1o
)
o)
i
olo
oX

e 227 29l
. A7 A= Fob 274 7HeAdol A, Aqd-Sd
HeatingClass = _ .
A= DR a7 #2402 ARt
©lo] 943 Ak J44o] ot DR o[WE A Ra} 74
InsulClass o
$A1 Azbo] 2o
AreaClass i At Al Fotgko] 38R DROJA 7loeg A4F A4
. /Mo ot Wihgut 49 7]to] th2m DR
Location

siglo] gehd.

7t ¥1g), Low DR(AEEE), &4 AtH(OOD/Uncertain)= &75ttt. o

714 B384 MUl posterior_gap©] ¥AY OOD_flag=12 #AHH A=,
AAl DR QoAM= F2 7HEA= 285

)
iy
e 1o
du
N
N
o
o
A
i)
>
olN
N
r
v
=

6) DR 29 AlUge AA(F3) @A

F3 @A= F2014 &4 DR AIIHEE 7|9te g A4 DR &9 Ags
Aot 2E Aotk of7|eAE 7H4 71§ DR, QIAIE|E DR, m3 A
o] DR & DR Z=2I% {3 wzt AdiE 5 7Fsdd WA
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(Aggregated Load)E AHgstal, A|IZHE DR #45% AAES EE1UTh

28] Extracror} AIBSHE meuleE AdE A58 U AE A% A
(Response Duration) A4, <] 7|4t DR Aggregator, 11HHS At £4 A
o E

2 2 DR A 14, O]*}Z](OOD)—J AY 718 7 24, D
H AR o5 (DR Baseline), A B7F #+x29 44 5 DR
TEE5h= b AgA oz AREHT

webs F3 @Al= DR AS -3 -H7te] BE o] Extractor ThefH]
E7} EYEE dAolH, B A3 VSM - Classifier — Extractor +27} &=
Ho2 DR 9= 9t oAt 24 xe =z 4= Aol

442 A% AW %4 #3948 VA
4.4.2.1 Extractor 73] 59 718

2 HoAHe VSM 7|8t Classifier®] 222 RSM dHlo]go] A& 7153t
Fef 2 AAsH] Y5 HQSH Extractor 112 Sh5(Extractor Rule Leaming)
o AEA Z|Etmt AA EEFE AAS. Extractors B A F
Generator — Classifier — Extractor Tto]ZakQl Fojl4 Kol mfe 7|gt =
= AA =98 AdE mergE #Hdehs A dAlolH, A A+l
QSFBSEMo] Aetet VSM 7|8t 8 A=A (Input Inference) ZH AU
d=d AE &5 Fxof BA 2Rt Zo] SA o0,

A, VSM HlolH= A& &9 WEdHolHE 7Hor JJHE=, 7T A
d7b 7 294 whemEzE Adehs] A9 Y HlolHE 7HAA Qi
gt VSMeOl ARb SR, AEA, dw Fsiel =84
QSFBSEMeo] A¢tet &4 & A5 o2 24 (Generator)o] x4
AL Iz "hdsty Qti40D, wWhH Classifiers= 204D A|A|E Hs}f

2 gYog Wwop 4B 4L dFEaE B4 o mdoln, /%7

—1

H

—
N

=

Hu
rlr

400) Neale, A., Kummert, M., & Bernier, M., (2020), AA*=%, p.600-602.
401) Nea , A., Kummert, M., & Bernier, M., (2020), AAI=E&, p.583-597.
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olglgt #+x4 o] wjzol, Classifier®] of|& Z¥E Ht= DR HEY
Flsh= A2 AdstA] ¢t Classifier= &g HWEHE &E=stE2z 5
Hol m'EoAx 2244, posterior gap, OOD9] BX 2] ME 59 &
T Al TE A5 A5dss Fof ey} s A
73741 271 “’H—Erfﬂ Classifier Z8wto g E2% omietn|gE Idi=
AE f1-do] Utk o] wiZo] VSM - Meta—

=2
Classifier§ =9 %}04 T3 sk&selal, ol RSMOﬂ A-85H= Extractor’}

o 2

>

ofl

2 Aol A ASFsh= Extractore 71 A% =9 3 7R oY =4
TALS oF @A EFste], © VSM meta®] FH 2t Classifier S5 HE 9
I, @ posterior_gap ZIHF AlFE: A @ ould KA (semantic
remapping), @ A5 mEtnE W@ (Area_m2_hat, Year_hat), ® OOD 7]
B A Ae7A] bt =9 Extractor 75 4 SHA

= Extractor= VSME& 7|Hto g sk&ol 122 RSMo|| A-gs5te] DR &
Aol "dagt &4 oenleE HgHor F4sk= Ao, Classifier®] &
AR dSt= AAA-E44 on|E 717 metvlE 2 AsiAshs 4 REo|th

oy
=

—

Step 12 Extractor 7122 °o}55h= @AIR, VSM —Meta — Classifier * ¢
722 5o 44T %48 dolHAS Ao Hetuy oY FHE 22
gttt o] @A9] 82 % RSMef| A4 A8 &= Extractor rule set®]™
DR &g dast £4%= Ao r 34D 4 s AA I

¢4, (20,00041EH2] VSM. dlolejAle] metto] |9} Classifier 27HE He
stk #H3tE glo]Bo|: Z+ Mo AA &4t Classifiere] o= ZajA,
posterior probability, posterior_gap, OOD_flag7} =% IZ3tElo] Qo
Extractor H2le+52S 9t A4S Ground Truth7b H ot o]ZA-& QSFBSEM

k]
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o ] A|QFSt meta —inference alignment WHES TIT2 w2 Zo|tH402),

Extractori= Classifier’} &8t &5 HWHZ o33 Zo] A7HA] 2&
A goto] shefuleE ekt
'1 %3%7

A#| Hard mapping(argmax) +2& =T},
T Ee g58 A ZYAS %27] A=%t(hatlyh) o gE ARt o]

g ATolA 712 FE UAeR ARgE VeI, AAFE A =

o

E4, posterior_gap 7|%F confidence At&2 t}2-9] 121 w2t}
gaP=Propl—Prop2 » confidence = propl,

o] 7] A,

gap2 EF AH9 olxZ ou|dlH Extractore °]E  E-83}o]

high/mid/low confidence & &3¢

o

filo

AR semantic re-mapping(2JP]d B4 #2])-2 Hard mapping®] &3
Hebshr] flof =de & 2ot

VSM-Meta HW Ay} ¥HE2o® UYehte Q7F IES HAsH7] 919
F7H4 A F21& Hgsttt. £ AreaClass®t YearClasse +7td W

Fo]7] wiZo] DR RdofA Fast ALY WS A7) o) ti® g 7|9t
el 12](Area_m2_hat, Year_hat)= ot5oIIth o] tiE 32 VSM H|&
tlolEle] AA BERZE dradsto] AAEQlo™, continuous smoothingS $]5H
confidence ¥ gap AHE Wt A5 2AHAE 7 A&

oj4fe] 2o =& step Io|A Extractor 29| H&=E HEHo[EH el v
slo]  HAESIFTE. HeatingClass:InsulClasse =2 dXEE HO
YearClass-Location= Ho} mf&l 7|gt JFAo] Fx2 JHAZ <QIs] ”EH;H
oz W AL E Hr ol2gt 42 RSM A& Al Ak 7iF &
Ak ol T3t ZAZF Het

¢

402) Neale, A., Kummert, M., & Bernier, M., (2020), FA=&, p.601-604.
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1) VSM~-Meta—Classfier g +x
Extractor 712 59 A TA= VSMO &-42 fgtd|o]el ¢t Classifier?]
g2 ATE Shte] g HolBE BEshs Igolth B AT AB
old Htoz AHH 20,0004 R VSM dlolEAlof] dish, LDA
Random Forest®] HAY EF7IE A& Ao A wedolgE Hatst
Aok 1 A¥ F 7870 ¥4 X 20,0004t R FF Hlolg m o] +
A=t olEA SE dolH A th3o AuE Zaeit
(Y VSMo] A/ Aol E&e Wl AT A A4 5 Ground
Truth 4%k
M) Classifier7} 4= SHAH SEHE(P_X)
@ oAF AFEE YERl= posterior_gap(topl —top2 Z}e])
@ Ei QJ(out-of-distribution) oFE YEH+= OOD_flag
() argmax 7|5t o|& A3} 5
o] Fx= QSFBSEMo] A|A|gF Generator — Classifier — Extractor mro]iz}
1ol WA AYE Iz A Zo=, VSMO A wEolE Lt
Classifier®] AT FEXE 1112 dZdsto] 42859 Ground Truths
AT E HAEE OEL 2 dHe 0471 of posterior_gap ZI¥F A=k
Zof ALY Y memHE Frlste], 71E A4 "] S AFugt
Extractor 722 F+=5F%tt
2) Classifier &2 7|5 oietolg ojy 2] P4
Classifier= 9484H 204D AAIE EHCS=ZHE HeatingClass, InsulClass,
AreaClass, YearClass, Location®] Z} €}Zl ®HEo] it &5 EE P = (p
- pE AFESHITE Extractor= o] EF HHE 7|NICE o3 Al BAE
A7 2% wetue s S,
¢H Hard Mapping @ argmax 7|5t 12} &
) Confidence AAt: posterior_gap 7]8F AE|E F&
() Semantic Re-mapping: ¢Ju] 7|9t BA F32 H&
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[ 4-19]= VSM 20,0004tHe] posterior_gap ®3E& EAsto] B F
(Quantile)e FE5Fom™, o]F 7|9t =® Classifier] o5 A==E -5
A M SFor Fx55ItE E35] VSM posterior_gap?] 70% £$] #H(q70
= 0.03603)% 7]%C22 High-confidence 995 Aolstglon, 40% £
%4(q40=0.02338)-2 Mid-confidence JAIgte = A5}t

[E 4-19] posterior_gap Extractor 41=]x 7]&

osterior
L ek RE TR
- ol% 1919 2491 98
High gap =2 z}o]7} A (Classifier”} wl-$ VSM posterior_gap
Confidence | 0.03603 D), B4 glolz Od2 &8 | 710% £ & 71E
g
0.02338 | — al=7to] ChA orAA |
Mid =gkel __T_;]- g ol VSM posterior_gap
f’ < gap < | EHL T 2F 740 bol b =
Confidence | 13603 | 2Astel B4 24 Ha. 0% =4 3 7=
—.12e9] g&& 1t Aol7t i
ol &5 7P540l L
Low gap < Extractor YAZL
Confidence | 0.02338 | 78 14 A8 E= o]
on .
DR-VPPOA] e 7}E2]5 ¢
g,

olHtt 2F2 gap2 Low-confidence2 ‘EFstct o|2gt 7132 EF7]
o stEH Zeo] A4 BaF ule} Auh} AwEEA Wrlsle G4 7

f

z=2 2gdo

3) Semantic Re-mapping

Extractor ©A19] A% B A (post—processing) @2 = F5T8H] E4
7} glojg Eiro] ghio] &ASE Semantic Re—mapping 71217 QSFBSEM

oMo FLt 2R AGStom, T 22 o} Erh
1) HeatingClass®] 7% posterior_gap®©] Zt3l INDIVE] grgo] DISTRICT
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T+ CENTRALY fARE £+ dff, A4l VSM Hgdo]gofA RHEHo =

Je i Feje] AA EA4S wdstoe] DIST T+ CENTRALEZ HAoh=
= sttt ol Tl ARE, A7IolH Hx Wi o= <l
INDIV #jglo] HEstA Uehh= ZAE ¢etote XX]oltt.

) Location 2FolAE A=-747]-9149] A7] ARG migle] ml¢ w2 A
WIS Boll wef, Location_hat 725 ¢4 A& $=H S 424
© 2 Capital 1F2= AmFst= AAE F7I6kH. ol& F9l
Hol ulAjgk LEETHE FYEAE E4S $AFoR vhdstes A
AE F=otTh

@) YearClass® 749 1990~2010¥9 71 Y2~Y47F € As-AdH] a8
AF2t g SHAA wj¢ FAISte] Classifierol A HHE2 E%F0] HAIE =
dd= delste], offd F7tell s ordinal smoothing 2-& T YUSHITH
ol A&Y Year_hat AHE Al AT AGHIPT Ve FEE BHAS=

il

i
©
iy
rlo
lo,
=)
N

g
I,
o
o
Mo
L
>
ol
a

assifier®] EAZ 022 A3}

-
oM AHHoR e P AR BuH-AdE E4L
o]

—

AFHoR DR 29 WA B84 B2 AUE ATY + U=S o

a4 4847} Bk

rr

4) AreaClass-YearClass®] 143 HE 13

Extractor®] &=2% EX+E 1% DR HEA &%
A AHE 7 e A5F deErHE AlEshe Aotk

wrebs WA (')} AS5AEE Classifiere] HaE o
glom, [ 4-20]7 22

4
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[ 4-20] AreaClass-YearClass®] 149 Hel 2]

AreaClass YearClass
class HA (') class HEGE
A_S 32.5 Y1_pre90 1.0
A_M 50 Y2_90s 2.0
AL 80 Y3_00s 3.0
A_XL 115.8 Y3_10s 4.0
Y5_2020p 5.0

5) F4 729 Agr 4 55 JPE B2
VSM 7|§teg2 55 Extractor tF2lo] AA| wEgttolgE drht A<t
A BYst=A] H7}st7] $1all, HeatingClass_hat, InsulClass_hat, AreaClass_hat,

YearClass_hat®] 74 ZAyZ VSM dEeHdolgle] Ay Ztap H|wslo]

Accuracy, Macro Fl-score, confusion matrixs ZE45IAt. o|=
QSFBSEMo] A|etgt Classifier — Extractor WA} AZE F25 E A9 sH=
g VSM Rdof g5t AOS 2 Extractor 129 X4 EHEAAS RIsH=

Aot

A A EA A3} HeatingClasst= ¢F 0.52 4%, InsulClass= 9F
0.90 o]Ak, AreaClass«= 0.91 oJAS 7|=519 o, o]= Classifiere] 7]& A
T A5k= 731}— Bttt E3] InsulClass®t AreaClasse H51 mjel 7)o
Aol Zste] e BB Ao WAistA] ¢k whH HeatingClassoll A&

S 0 e MRS SAR B EE O BHoz Ao FEH 9]

YearClass®] 7% 943 9dF 8909 v 9 At dx| wA4|, 2=
gy 59 aQlow Qlsf 7+ It s Ho] Yol A7t A or WA
el ol A4 AR Fof idoA] AHHor tauz] g 7124
SAE FFEET o]%, £F PE EAe Fol 4 §AE fEE Ho ZF

4oz molslgry
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HeatingClassoll A= INDIV Z8{A7F 3 A &= 7§5h3’4- CENTRAL -
DIST 7+e] A &F0] A& ox Yeygton, ol 4AA

YearClassol A= 1990-2010" 7k Y2~Y49] Q@x7p A eEFo
fHE-S AA|5EA T, Locationo A= A&7 7]-1d9o] &2d A9 7+ o7
= H|Fo] Y535 =t o]yt +2& Q5= Extractor’/} Z-85F= Semantic

Re—mapping 712-& &0l A 72 45 & a2 &5 dAllA FRlskelt.

4.42.3 Step II-RSM djo|g 3] H&

Extractor 7F&o] VSMojA sH&55E o]%
RSM tlolelo] Hasiol Wi w4l w

o
=
o a4 A2 mg% AR WS SPotant. B 9AY 25

e TG dEIE *g*ég}tﬂ] Qom, o] QSFBSEMoOfA  AA]
Generator — Classifier — Extractor 7325 A& o2 ¢Hgst= Aol

A RSM Hlo|E 9] A7t Hot AALDS 7IFFe = 204D featureE A3
sttt RSM2 AAl A7) dlolgel7] wliEel = #(NaN), STt
(outlier), AEE HAZ4 oi"d 59 F T GQlof, & AFelA=
VSM 7|o=® AFEH A B i"S o] 83t 452 B 9 o9 ~
AL At3HE Addstaich

olglA HA=rt &m¥ RSM featureE Extractor & 4=k, Step
[-VSM 715t f2lskss AoflA] A 2Igt Hard mapping(Argmax), posterior 7|8F 41=]
T Ak oml 718b A oi3g (Semantic Re—mapping), AreaClass YearClass©]
A&y W 3] 5= IR AEste] HF 4 AE Ak ol
A HstE Adfo= ZF M hard class, soft probability, Area_m2_hat,

_4

nlo
o
Rl
L
olt
el
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Year_hat®] 9143 n}2tu]E, confidence label, OOD_flag 5°] 5% Z Lo
Uow, DR o8 xS F/dsks 42 AFEEolth
FA3%9 AR E 24 23}, posterior_gap 7] ® ESE high/mid/low
confidence & high confidence H|&2 VSMXEtTH Wil low confidence H|-&
e =7 Uet=d, ole A RSMe] Fal migo] Alvte]e 7|¥h VSME
A5k HAY miglo] @] ffgoz FAY 4 St} ol 4 LYo
yevtos &4 HagE 2L o £ St He 9uls
1olm, £5] OOD_flag=19] H]-go] VSMHET =7 Yehd 22 47 A
dlojefe] FAA FxeF FA3] thE Tt B2 Hole Ze

it o= DR-VPP 2olA ¢ 7|5t #ej7t Hags AlARSHH.
S = A2 AF 75| Sl Extractor= Location 95 2¥E
HFo & Location_hat W45 F716I3ith A&7 711 sigsh= Al
Capital2, 1 9] 492 Non-Capital2 F2Eottt. o= A= 9734714
Z7-DR &9 FA ] AH4 2olE it DR A|IIHE AAo] &-go
SOt s Sh7|flste] FXE SRt Aol

opAero & Extractore WA, ©Ea4E, AEWHZ, HFAER, AY

oy 9

Bl
>

oo 4z Lo

2

confidence label, OOD_flag 5= ZAgste] DR HESAS A
DR_segment_idE& Fst3tt. DR gt 2 o5}

31 High-Medium-Low-Uncertain®] 4] 122 DR AIWEE EF5Hch
€ b AAl 7493 DR ofIE A= oA, I1ea VPP Gl
A JEFtos F8HTy E9S] Uncertain IF2 OOD_flag=1 &=
posterior_gap©| "¢ W2 Ntz AojH I1Fo|t
FPH o2 RSM A& AL 5o 2
=94 #2AS 4
o

=
=
s Rl Ao s &4 9%

A
o
s
W)
=
Mo
of
9
g0
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dc

:
gz AuE Asoz AT 4+ UL
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KR-VSM-Classifier — Extractor — DRZ ©o]oj2]= B2 A3L9] A mto]xatel
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4.4.3 £74 7|9 DR &AY H84 B7}
4431 DR AOHE 7z o] & &4 7% 233}

2 7= =Y FAE AY ALTIAN S A Fot wiele
7I§Fe &2, DR %95 AASFst7] {13 &4 7vtog 4 7oA Aoyt
HeatingClass_hat, InsulClass_hat, AreaClass_hat, ResionClass_hat =]
tiste] DR AlZHEES HXIXAXR F25 AA 5

AotH MIHE F2+= Y W24 (HeatingClass, H), &8 4=(InsulClass, D),

HA L (AreaClass, A), AY FE(Location_hat, R)o]gk= Y| 717 4 &4
o zgtox ojojAIr).

W ®hA (HeatingClass)« Central, District, Individual®] Al o=
REol, 949 K259 Aolo] Wek DR w84l Wwsl Aolslet, B4

Ay e A7) o3 Bol ®sPr dE Folo| AAer whE7)
ol DR o fAgo] 2 Aoz d#A 3l

InsulClass= & <19 d¥Fe7|EAd ds= wrgste] High, Mid,
Lows] Al S@o ERegor, ols W ool A4 e
A4l

AreaClasse= FAH HA8HA (Area_m2 hat)9] 2329} #+3 EAAES HIYs

ol AS(&29), AMED), ALESD), AXLHD) =z FE5H3H.

1= S|
T~ =2
T}, WA o] Z71aE DR e Al A= 7SS BolERkW Potential)o] &
7tote 43S ot Location_hat2 A8 934, 719, -3 =9 E4

o] ZpolE Aot EdM HFLEEO R Thedlolgirt.
o|9} Zo] [E 4-21]19] Segment R°F Table® H-I-A-R Y £A49 =
s Bol & 16719 DR AIHEE Aostglom, 7t ATIHEL: ot
O
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[3 4-21] DR Segment QF Table

posterior_ | DR_prior
DR _segment_id count Area_m2_ vear- gap_ ity_score_

mean mean ean mean
0| H.CD_IHIGH_A_A_L_R NON 7523 | 81.992458 | 3.025347 | 0.038765 | 0.234450
1| HIND_IHIGH_A A M_R NON 4541 60.176542 | 3.213733 | 0.037044 | 0.267260
2| HIND_IHIGH_A_A_L_R NON 3893 | 71.033613 | 3.155834 | 0.027377 | 0.228560
3| H.CD_IHIGH_A_A_XL_R NON 1224 | 87.745823 | 3.024653 | 0.021527 | 0.222916
4| H.CD_IHIGH_A A M_R NON 695 | 70.997763 | 3.108311 | 0.016064 | 0.202443
5| H.CD_IHIGH_A_A_L_R_CAP 525 | 80.961093 | 2.983619 | 0.039302 | 0.233552
6| HIND_IHIGH_A_A XL_R_NON 439 | 86.012729 | 3.049835 | 0.025042 | 0.218707
7| HIND_I_HIGH_A_A_S_R_NON 372 | 40.834750 | 3.384671 | 0.041141 | 0.398306
8| H_IND_LHIGH_A_AM_R_CAP 306 | 60.679865 | 3.194855| 0.032306 | 0.269988
9| HLIND_I_HIGH_A A L_R_CAP 259 | 74.565290 | 3.106401 | 0.027933 | 0.239765
10| H.CD_LHIGH_A A M_R _CAP 84| 66.960859 | 3.094862 | 0.031320 | 0.215091
11| H.IND_IHIGH_A_A_XL_R_CAP 65 | 87.108480 | 2.966071 | 0.031834 | 0.240808
12| H.CD_I HIGH_A A XL_R_CAP 55| 88.543873 | 2.967776 | 0.024453 | 0.222299
13| HIND_IHIGH_A_AS_R_CAP 17 | 43.837914 | 3.382168 | 0.042742 | 0.348625
14 | H.CD_LHIGH_A AS R NON 1| 57.435982 | 3.313079 | 0.008345 | 0.188381
15| H.CD_IHIGH_A_A_S_R_CAP 1| 51.020333 | 3.369569 | 0.019833 | 0.206477

% DR_segment_id=H_<Heatingy _I_<Insul>_A_<Areay_R_<Location)

H oA =3 Classifier — Extractor mto]xzhel& &-8s}o], RSM 7]
g A dlolEl 20,0007 ZHZtel diel -l A-2o JHE &E 7|6t
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In recent years, the expansion of data center construction due to the
spread of artificial intelligence services and the continued increase in the
number of electric vehicles have led to a rapid increase in electricity
demand, particularly in the Seoul metropolitan area. However, the
expansion of power generation facilities and investment in the power grid
has not kept up with this demand. In particular, the nationwide
expansion of renewable energy sources, including solar power generation,
is exacerbating grid instability due to their intermittent output and

uncertainly in power generation forecasts. In fact, the recent series of
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solar power generation curtailments suggests the need for a shift away
from supply—side—centric electricity policy.

Meanwhile, in the domestic residential electricity market, the
importance of accurately understanding the hourly load characteristics of
each household and demand response based on this data is increasing as
the market prepares for the transition from a progressive rate system to a
time—of—use rate system. In this context, smart meters installed in
apartment complexes are attracting attention as a key infrastructure that
enables the estimation of building properties and classification of load
patterns based on each household's measured electricity usage, referred to
as real smart meter (RSM) data. However, these smart meters are
currently classified as private and are not utilized as demand response
data in the electricity demand market.

Therefore, to make up for the limitations of smart meter data in
apartment complexes, this study developed a virtual smart meter dataset
based on the Building Stock Energy Model (BSEM), called KR-VSM,
tailored to the Korean apartment environment. Based on this dataset, the
primary goal of this study is to establish a framework that enables VPPs
to develop integrated strategies ranging from demand forecasting to
demand response (DR) operations.

The development of the Korean VSM dataset extended and
reconfigured the Generator—Classifier—Extractor framework of QSFBSEM
proposed by Neale et al. (2018, 2020, 2022) to suit the Korean
apartment complex environment. First, in the Generator stage, objective
national statistical data, climate data, and building—specific physical data
related to Korean apartment complexes were combined to generate 21
parameters based on probability in a bottom—up manner. These variables
were then fed into EnergyPlus, a white-box simulator, to create a

KR-VSM dataset representing for 200,000 apartment households.
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Next, time—series load patterns, which precisely reflect annual, seasonal,
monthly, and hourly electricity usage patterns, were used to classify the
nonlinear KR-VSM dataset using machine learning—based linear &
nonlinear classifiers, including LDA and Random Forest. The VSM
dataset classified in this way was compared with the RSM data for
480,118 households, based on the RSM data for 897,322 households
secured from the AMI data distribution platform. These meters met the
connectivity and missing rate criteria of at least 80% of the 8,760 annual
hours observed. This process validated the reverse estimation(Extractor)
model.

The reverse estimation results showed that building insulation and floor
space exhibited high tracking stability in both VSM and RSM. For
heating and construction year, the reliability structure identified in the
VSM was confirmed to be preserved in the RSM data.

Based on the Classifier—Extractor results, this study constructed 16 DR
segments and conducted an empirical analysis using RSM data from
20,000 households. The results showed that highly responsive segments
across all households significantly contributed to DR reduction effects,
demonstrating that reliability is closely linked to DR responsiveness and
prediction error. This suggests that targeting DR participants based on
attribute—based reliability, rather than focusing on households with high
peak electricity consumption, is more effective when selecting DR
participants.

In summary, this study systematically developed a Korean KR-VSM
dataset focused on apartment complexes and empirically verified its
validity using RSM data. Furthermore, by assigning building parameter
and occupant’ activity values to the validated KR-VSM dataset, this
study proposed a demand response value chain based on KR-VSM,

predicting DR responsiveness and designing VPP operation strategies.
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These findings are academically significant in that they provide a
validated data infrastructure for a Korean apartment—focused VSM
dataset, which can be practically applied across various domains, such as
DR-VPP policy design, regional energy demand management, and building

energy management.

[(Keywords] Virtual Smart Meter(VSM), Real Smart Meter(RSM),
Building Stock Energy Model(BSEM), Demand Response(DR), Classifier,
Extractor, DR Segment, LDA(Linear Discriminant Analysis), PMF(
Probability Mass Function), UPD(Uniform Probability Distribution)
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