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ABSTRACT KEYW ORD

Purpose: Because of the growing concern over fossil fuel use and increasing demand for greenhouse gas emission X HE

reduction since the 1990s, the building energy analysis field has produced various types of methods, which are being ;'l:él El oliaoall ‘E‘i% w
—HTTa e

applied more often and broadly than ever. A lot of research products have been actively proposed in the area of the building
energy simulation for over 50 years around the world. However, in the last 20 years, there have been only a few research  gia4ic data

cases where the trend of building energy analysis is examined, estimated or compared. This research aims to investigate a  Engineering analysis
trend of the building energy analysis by focusing on methodology and characteristics of each method. Method: The = Data driven analysis
research papers addressing the building energy analysis are classified into two types of method: engineering analysis and

algorithm estimation. Especially, EPG(Energy Performance Gap), which is the limit both for the existing engineering ACCEPTANCE INFO

method and the single algorithm-based estimation method, results from comparing data of two different levels- in other Received Aug 29,2017

words, real time data and simulation data. Result: When one or more ensemble algorithms are used, more accurate -1 rovision received Sep 25, 2017
estimations of energy consumption and performance are produced, and thereby improving the problem of energy  Accepted Sep 30,2017
performance gap.
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Fig. 2. Building energy analysis research submission status
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Fig. 3. Classification of building energy analysis research

AAUold LAY OR AT EREL AR o5, Youb
Hhg7] Sof Au] AAR, Q4rl4e] 45 23, Ay 9
2, 4% 5 Q9T A} s Bamslo] gick. AFeNHE A
Solux] At 7bg WS Bokeha & 4 ol Au|A A

(7))t 2] 9] BAE ALFA} 7 e A9
o AR 20 77k o] A2 ARHE & S ek W,
dlole] S o] Avke o]y BT 2 FAR B



x40l 05

oot FAE thg wl e o @A AAR, BE7), B2
CEPES EEE P EEE LIRS PR R E N

A]
£ AAetEshste d7-dsol 2ol 11 o=
2]

1o
!

S
=

l_r

o
lo
ik
oo
=
o

SRt Fe AU ols Bt Hlole =
Ay B AR, ohal o) 157 Al 4o] T ie]n]

(49%, 60%) dA71= F UHE 25 A3t 3 A43(79%,

ro

g 3

84%) 245 23S HolF 1 girk, BELE thyye] A
R EAG U] Bl 281 A7 AT e|m 2§ A
Aol §= 8l olg WM4E R Yrks 7o) thet Ao
JAB-BANY HPYS B oYt AfnE B
ATLE Tl B4 BAY 3, AAYelY B dlolg =
e BAyo] BARY AR A AgHe] a7 s
QLA Auie W a7t gk

3.1. BA-5A AEelA

AEoly 2] 749 Iz Y ol g EA1H-2 1990d ) o] A&
o] olm (H-F5 7)), Y-l ] A A 45, G
52 olgote] At FAS tielste] e 2 AHF S5t
£ A0 2 A MR SHA| W ARl A T2 ASE=
Eolth. tiE2Ql X Yoly 4] =2 s o 2= ESPr,
TRANSYS, EnergyPlus 50| gith. 1xyol=] B2 AHE
== AE YA Ashdolls 2 ALt i 52 Ak i
o] Qli=tll Ato] ol A= Aol A dojih= E2 ol5 @4
o] Aztef whet WskstA] eh=the 7Hy o et Alitshe Wl

sl

ot A& AL S T2 BH 0 2 steady-state approach#til
T ot o] PHES A AL IR ERT AT Aoz A2 b
olH & el o J 2] Hrt7} 7HE 5] Wil A7t H-8&
A EL = e Aol ik A ALY w2 WRES
2+ Degree—day) WHET} Bin method?7} Sltd. HA
Degree—day W22 4 9] Single measure =021 &2
W 71 ZhShal A o | 2] A of| A Bo] ARg-E= R 2ol
o} Degree-day 'HE2 ASE A& Ee AR =0 2
Envelope—dominated(£] T o] Gk Hh=) W of

H, *FAAH o] BRstal FRA|AR o] BRRE FAAE
Atsle FEEelch (Kim, 2017) %< Bin method® Bin
temperature frequency s 285 Yt @ W HolE 24T 4
AAISHE HHE 0 2 Degree—day 'HE9] Single measure?]
A E Bt 2ot}

D 289 L8 g0 ik o Bad oA AN Lo R, B8] 917
& 792] Qo7 e g Bl Bad
2) 57 1A00] ek 7 A dolel S Beer

83t A Mok 714 ¢] HE AIRHE
R 7155 Sl Ate . ANE R |

H
T BTHE 7 ol EET

AFAACE SHAO A HHA 0 2 A E = T AL T ES
AUfellA dofuts G oF @Al A7l w2t

rE
ol
_O'L
A
>

el 274 a1esto] 49 o]F @S FHaote] Al4tet= B
© 2 BLAST, EnergyPlus, ESP-r, TRNSYS 50| thx4 2] 54
A4t B EZoll s E ot Aol v AFesial HA ot §
ol ARt glo] AR 4= A9, thg ok & HolH et ATt =
ogol wet e 15 Ago] BSFom Eot, Hapol tigh
AHEALE] ofsfof whet Augrel Ztolrp A7 wiZe] tiF

Hom HAzoyr ZAst7lol= A e WHEo
E D2 dAYAE (BA-5A AL iz
2 87l High 57HA] Zelazele] digh A8S =2
2 Folth. AEoA AMEE= olvA] & F9] olF, 49
g, EdgF PEE dE9 9y, H7], @7], dHo]
e A AA" 5 F 57E] R R FEskglth =
A AR EE HEARD dAYoly =29 87H(BLAST,
DOE 2.1, ECOTECT, EP, eQUEST, ESPr, TRACE,
TRANSYS)®] §4S& F&Estlen 1 5 diizd 3719
T2 7 (Energyplus, ESPr, TRANSYS)|| tfgh A2 of
et Lok

EnergyPlust= & 87H
o

i

]

ol 2 o |H

T of 1o ok
=2

of| A 57}2] €] RE FHE| 1L

2o EAE A9 4 o= 72808 A BLAST

% DOE-2.1E9] 7 HH A9l 7|52 7|Hre 2 REstA|7| 1L

Fx3tEl T E ARSI Energy Pluste ¢&38S 9 AE ot
A

o
qlolet, AHgA

=9
217 MO8k
150l A Al Fote FLE At e A

A Az A aE
. EnergyPlust=
A=0] Adu] Al ado] Wi gl Ao EHE 23 7] Al

s

AZoNE Tt B A A Au A A" Alo] 2 AEo] ojn] A
HH] So] AE0 29 @anitt BAL 714, Bz Al A

Y
%37 53 52 W 4 Aot

ESPri I 2] 349 W2 0B, o F Erl9l AR A
w4 mEagelt. ARRRY 9, 2 FZ o 37 58
HVAC A28 2 28 588 45k A g0l d L2 130l
ok ALg A7 57 ZRAEY] 7 Ag B/ A8 Fu, A
W 7 Alols Hslet. o)d S50 2 B3] T8 7 R
A oA L 5T 4 Uek

TRNSYSE AEUE 7|4t B 729 Aol 4 2213

JE 94t Au] djge) stolZH Y ek
S 97 & S U3 WelE AR BEAT B4 245
= A% 7Hssitk TRNSYSE -7-2] QlE #|o] A (Simulation
Studio} & AHgste] 2} HAWESS A TAsHES wel 2
g =EE 7Psshe. TRNSYSAEelel 9] HVAC A2
FAS A A 9o 4 393 37 5ES FA 7@
Sk Aol Slek, 4k, A U4 A4, EE R, 4
2 A7 5 9% 74 247 Eheo] the AR o]
4 maodnc e Axde) 3Ee Baskn ok

1 fr

©Copyright Korea Institute of Ecological Architecture and Environment 79



ASOHX 24 SHHE HW
Table 1. Classification of 8 engineering programs
1 2 3 4 5 6 7 8
Temperature [ o o o
Airflow [ ] Partly [ ] Expert
Thermophysical Surface heat coefficient from CFD Expert Expert
State Dry bulb o o ) [ [ ®
Dew point temperature, Humidity (] o o o o
Thermal mass calculation o o o o o o o [
Outside surface convection algorithm o o o o o @ o
EBrlll\llle(}L%% Radiation-to-air component from convection o ([ J o Partly o
Solar heat gain and daylighting o o o
Infiltration single zone o o o o o o o ([
. Calculation of wind pressure coefficients Partly
Infiltration
/ Natural — Mechanical Ventilation [ ) Partly [ ) Partly
Ventilation - -
Control Window opening [ ) [ ] Partly
Displacement Ventilation of CFD domains [ ) [ ) Partly
Idealized HVAC system () () o o o o
HVAC
User-Configured HVAC systems (] o [
Renewable Energy Renewable Energy System [ ) [ ) [ } o o o o

@ : feature or capability available

Partly : Partly implemented

Expert : Need Expert Knowledge
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7. TRACE 8. TRANSYS

G sick ot Ay e E—%Cﬂ A AR A4S
2 sk 429 w7t 9

W Ak CGE DA EHT 87}1191 EEREDE
F2 ouA] A3t e gEos FEstgon, 1
5 Aol BEIBAAE o g
Ansl 7] HH), BHNEE, AAYEN, 4F ¥
m2 ol F149 gHes AgH
ago] EgEle] Aske A7) Fug
AsHe d ol g o] REe
JlEghe AeFoR 54 AR
d B dskn Bokshe @

of AAH SEeAE AoE(Ee vehd)
£ 3 88 SlAe] U7 Ho) glo
o] et FAE AT ek, 2L et
EG 27 A 87 e
27 Aggor mzaye B Ul

glofl= AI7F et Al elst .

b 2 rlo o fo

e

%0,
o

o
™

olt
J%ﬂ
o rlo
o)
)

HJz

o, JEE
et
) 1%
H

[0

oy
M
ol
)
=
1=
N

>,
1o of fu
_O|L

&,

o
olt

ol

I
lo
LY
N,

2

v b of
Mr Oomn > O 3@ rr o X fu

N 2 N
LHN
&
£

LTNP < )
Ee oM.
=

Hel
o oF
o 2
=

3.2. AP BAWe @AY

=B 5 TA BREE 2 SHe A2 of
A2 9ol A Qg ket iR 2 AL gt
2 Azka mH o] @7 Zo] T

otk 9] AT Aol et Qe Ao
IAEL 08 AZB0| B BA et

80 KIEAE Journal, Vol. 17 No. 5, Oct. 2017

ojg|gt A& AMEH T8 ’47|E0 AT H A4
2] Abgo] AAl AER 2]ojl o] F x7] AlEeo] A

EA U AT AHES g7 ZobE 4 Sl 4R AolA
=4 o]# e @42 Energy Performance Gapelatal & gtct.
(Wilde. 2014) Energy Performance Gap(e]st EPG)e] A=
A s e] =l ARt AFAE Sl 4 k. A4 F8
W82 A0 814 S s 247 dA Yo" 24/ e

Agha AE0] S5 o]« oA HE e AS HolE
k] zfole] LE Al ol

491 91912 ¥l AFolth. TFIAE o
R m_z age] =gt 44

A= 29 o1 o1t 9]

%ﬂ?—(Menezes 2011)E o] }\12 Yz A% jol= A4
Ae TEAQ A AA-AlEg- Il w2t o=

Uehte ﬁ% ot % gltk. (Olivia er al 2015) o7 4%
Ao|(EPG)SH BT FeEBo|H AZe] fRE A HF
A-FA=R A

rﬂJ

ek o] FolAE AqPae] A
ofo] mE s E & e HFARD L, ¥, st)E
gz g Agso] Bttt tdiiE: oyA 45 Aol A+
ofqo] Bt FE2 F AYiA] & 7k oG] Aol H
7 on HTole A #A LAY 2rlo] tigh AlEd
o|d-A=zt vl AFxE: HPE At (Choi er al 2012) A
To] F B7F e AAAE didew o AF & HUhY
H(Post Occupancy Evaluation) HWHol AMEEAL A&
old HHEL AEEU. ¢ TS EUE 3 AAY

Nimn
X
=



A 459 A WAR oA ol
B\&0) He2AT AF760) Y52
o] o] A=/ = Bk,

A% 1% % 7 5
Qg ouix| A5t

=
e

o

o,

kil

>,
I o

£, o

_O|L
v £
Ly g

o e my AN

tE 1r rlo mx
£
>
[
of,

=]
)
ro,

MLR (Multiple Linear Regression), ANN
(Artificial Neural Network), SVR (Support Vector Regression)
T8 Y-8 H dEed A 2400 A-gAHE Hojzth 9 Al 7l
o] d1BF(H)2 T2 A2 =& AAI 9457 b
o|H & thFH oy 2] AMSEE dlSStAY £ AdH] A AF
A5 A5 92 A%, L&ATS dSste Hl ARSI @A o

-1 0 =2

ofx

©Copyright Korea Institute of Ecological Architecture and Environment

x40 0)5%

Table 2. Regarding to Energy Performance Gap Researches

YEAR AUTHORS BUILDING USE ENE;?}I;GggU/R CE EVALUATIONS

2011 Menezes et al Non Domestic Ventilation POE

2011 Choi et al Non Domestic Ventilation POE

2011 Yu et al Domestic Gas, Electricity Data Mining

2013 Hossein et al Non Domestic Electricity POE

2014 Wilde et al Domestic Gas, Electricity Monitoring

2014 Olivia et al Hospital, School Indoor Comfort POE, Monitoring

2015 Salehi et al Non Domestic Ventilation Dynamic Simulation

2016 Niu et al Domestic Ventilation POE

2016 Herrando et al Non Domestic Ventilation Dynamic Simulation

2016 Min et al Non Domestic Air Handling Unit Facility Management Review
B EAHA Yehhe olvA] s ZFl(EPG) o] T4 el =5 9% &1 #EF-2 ANN, Decision Tree, SVR 5 90% &
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Fig. 4. The concept diagram of single algorithm

4.1.1 MLR(Multiple Linear Regression ©]5} MLR)
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Multiple Linear Regression Artificial Neural Network Support Vector Regression
* Heating demand for domestic building ¢ Cooling load for commercial building * Building energy consumption and system
* Easy to use and efficient but has a limitation e Predict energy consumption of various types performance prediction
for nonlinear data of building * High prediction accuracy
Fig. 5. Comparison of single algorithms
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