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Performance tests on the ANN model prediction accuracy for cooling load of buildings during the setback
period
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ABSTRACT KEYW ORD
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Purpose: The objective of this study is to develop a predictive model for calculating the amount of cooling load for 07| Ij X & H‘:i

the different setback temperatures during the setback period. An artificial neural network (ANN) is applied as 2 oj = x| of

predictive model. The predictive model is designed to be employed in the control algorithm, in which the amount of QI ZAI AT

cooling load for the different setback temperature is compared and works as a determinant for finding the most

energy-efficient optimal setback temperature. Method: Three major steps were conducted for proposing the Energy Consumption
ANN-based predictive model — i) initial model development, ii) model optimization, and iii) performance  p cdictive Controls
evaluation. Result: The proposed model proved its prediction accuracy with the lower coefficient of variation of the  Artificial Neural Network
root mean square errors (CVRMSEs) of the simulated results (Mi) and the predicted results (Si) under generally

accepted levels. In conclusion, the ANN model presented its applicability to the thermal control algorithm for setting A CCEPTANCE INFO

up the most energy-efficient setback temperature. Received July 9, 2017
Final revision received July 21, 2017
Accepted July 26, 2017

Cooling System

© 2017 KIEAE Journal

1 NE E< HUistsh= 2532 A (ntelligent Agent) 2 Ao
4= itk @1 F A A% (Artificial Neural Network, ANN)-& ¢1-%
22 Aol o] A AZA RS A A A A]7H] 90%0] o] = 259 o] &0l dF o2 M A7+e] AL Ee} Mol A WA ot
A2 F7hskal Qe FAlolh. whEtbA, A e o 4 A, Wt 9 sh50] AL B Ao g 1S ndo)
(Indoor Environmental Quality, IEQ)-& Al &5h= 22 472 & oS QFARY HAL AT estef g B4R A4S 87
(Quality of Life)& 2ARL v 283 94 20| sz <l st2] ¢hom, Ay 52 BT sk viAigh Al A" o] A
A5 9ok AyshAo] Al deha, WA, 2o, AL Ao m Agd 4 e 54 7L Qlek 53], At At
% 5 ThFst B8 2703} Plol glom, B8 94 as o A7 Aaete] el Brrors) & Aot A% g5l 7hs
9] 8+¢l A€7 (Thermal Quality, TQ)& 37]&%, &L, 817] w2l #-g-Alf(Adaptive Controls)7h 7Hsstth= 4
BFEALE, VI REE 5 BYd 205 ostel ey 1%
L}, 1FA7 el 71ket dgkd Al o] WH-2 PID (Proportional—
olglgt Bald @40 HAL Aol E5t AT AL Integral-Derivative) -5 7|2} <5t el ot Ao Hrt
AEsHe 2 AR 2], DY, 1)1 A St S5 5 Holk oz AFH T Yk AFAAY B
103 @Ak, 24 Aol AolS giste] chepgt g O SEE FITY B U AT TG Bk HosHA o=
i A ~glo] H4E T glon], A agHoln] A8HH ot Gl 2o g FHElen, dyeE 5 49E aag B
AojAeko] ALE T 9k Ea], AT QB S(Artficial ot G oS Ao 5= Qe A SR epdeh S0 &,
Intelligence, Al) o2& 25 A8 A ojo] Tt TAlT} 2g Pgelui] 2ulE A FAEE Ao R dFE A
o] Z7}s}t1 9t} ol & 9 A-goll 7IRtet 253 Aol B} A5
Q1T =2 ZushAd] thot o1AlS Higfo 2 By o] 4T 8 dehg 8 A 2" o]0 7hs g AlASkL Qlek 71Ee] A
£ 5ot 9 A2 9 oA S0 7Hst A o2 A
PISSN 2288-968X, cISSN 2288-9698 SHE| 1 Ql= QI FAIAY nels A gste] AR AUF7te] A

http://dx.doi.org/10.12813/kieae.2017.17.4.083

©Copyright Korea Institute of Ecological Architecture and Environment 83


https://crossmark.crossref.org/dialog/?doi=10.12813/kieae.2017.17.4.083&domain=C:\pdfstamp\input&uri_scheme=http:&cm_version=v1.5

A2 F A SYA2H 25 o= I3 ASHUEYRE H5 Bt

of Fof| w2 b o] o aaA 4ol 7Fed AL =& o4
ek 5], 31 53t 22 SupA Ao 49 A4 7IRb vl 21 27129 AT
717te] dAsHA HHEE = E4S 7R glon, o mE & AEtE z7)meEo] 40] a8 3¢ UeRt gtk mEo
&2 A7t 7he g Ao AtrEG MATLABS Abgste] 7|urs] 9l oo 7h7f shite] o= oy

2 A= A E HAA 7| 2] HHEE = =] B A 7t 2 zgZzoa 1A} Q=L 9rfo] Ll o2 LAE o] 9]
%’(q E\—q;_g' };HH_I%—]—:'—% @%—8}7‘[ —?4?:)} ]%E‘%——l“_‘% 7H]:xl‘_}6:|—’:_:: Z_\]% E}(TEMPSETBACK, PERIODSETBACK, TEMPOAfnStep, TEMPOA7
HHo= gt 2 A2 e VAl 7IRE F FokE Ha AVEnStep-60~nStep-1, | EIMPOA_AVE nStep-120~nstep-61,  TEMPoa_ave,
b= 22 ejmlste], 4714 Spots A ARl tie nStep-180~nStep-121, | EMPOA_AVE nStep-240~nstep-181,  TEMPoa ave,
oteh A= =1st7] Fioted WA pote] Fojoh(w nStep 300~nStep-241, TEMPOA AVE nstep-360~nstep-301). ZF 9= 7]
D. 53], 2 dFolAs JFoldAaHE 2adtete AS = ol 1 1o Aa|wo] 9lon, oleika Bed AL A (1)S
20 =7 hokRt A2 ke of] whE WHRSHE ol Soh= Qe A olgste] O~1AFo]2 A8t Ho] AFEH T 28X Lao] 4
Frd Aot I S nde 25 Alojdare|Eo H (NHN)= 21(2)o]] A5 o] 19712 A =gl 12D
A of Thefrt Al 2 e of i et o v g vl o = XA Z#do A7t _4 ZWHrE kel LOADssrpack®] .

Setback Period

—< 7

N Cooling Load for the
. 7 Specific Setback
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Normal Period Normal Period

Fig. 1. Composition of the cooling load according to the setback
application
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AR He & A G = e 27|Rde 2 28kehs Ao
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Y% 4(NHL), t&E(Learning Rate, LR), 18|17 Rl
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Initial Model Development

- Input, Hidden, and Output Neuron
- Structure & Learning Method

%
Model Optimization

- Number of Hidden Layer
- Learning Rate & Momentum
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Performance Evaluation

- Prediction Accuracy

Fig. 2. ANN model development process
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ato] Levenberg—Marquardt &1g]&M2729 0.01 kWhe]
goal, 1,000 times epoch, 0.6 LR, 12| 1 0.4 MO>7} 2853}
o}, 3t5-2 flsto] 19641E 9] shsElol 7t 4] (3)of] A5t
A2 o sliding-window methodS AH&-6Fe] H]o]E]

AES GASKALE &, 444 iAol s 71 eeg dle]
B Al2k A2o] S5 oA Ed ojste] tAE 5 8
H< Sjoto] ALEHL) o] Ha} U HLRAS gJsto] 7}
ZF 100 MEQ] HlolE7} Bz FH 3l
VALnor = (VALacr— VALyn)/(VALpax — VALuny) - (D)
NHN = 2NIN+1 )
ND = (NHN-(NIN+NON)/2)? (©)
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Fig. 3. Initial model structure
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Table 1. Normalization of the input variables

Input Normalized range
TEMPsereack 23~40°C
PERIODsgrpAck 0~10 hours
TEMPoA nstep -20~40°C

TEMPOA AVE,nStep-60~nStep-1,
TEMPOA_AVE,nStep-120~nStep-61,
TEMPOA AVE nStep-180~nStep-121,
TEMPOA AVE nStep-240~nStep-181,
TEMPOA_AVE,nStep-300~nStep-241,
TEMPOA AVE nStep-360~nStep-301

-20~40°C

g, A3 4 J5EAES 2% dlol"HE HS5S 25tk
MATLAB (Matrix Laboratory)?t TRNSYS (Transient
Systems Simulation) 2T E o1& $H7 AME-SI9 T 18 4=
HolHH 5L flote] RdHHE HAERES HolETh HolH
ME+ 69 195 E 99 30¢S o= A2 5 23°Coll A
40°C Atololl A MBtA| 7| A SRS EE3t o= 74
skt

HAERES tetil= A& 9125 A& 7Hdstgle
7ol FUTt BE F 7kl YIRSk ok A G2 o5
A nethael /154 42 A5 9lon] 68ol4 98 Aol
ot 23.5°Ce} 72.2% 2 AHEEE 7L

&9 37+ YH] 3.6m, &°] 2.7m, A o] 7.4mo|H, EZ 1}
EZof 1H] 2.0m, =°] 0.9m9] Fo] shtH Ax|Efo] Qltt. A
=919 EAd2 oY 2.801, A&, vI= 0.491, HE 0.353
m2K/Wel gre = Abgstgint. 371 2 87]+= 0.7 ACHS Hl-&
2 o]Fojz) 1 glom HAYHst= ZAste] ZhHL A& 45
SH= 191, 1t o] AFEl o TAE, 5 W/m?e] 2T LR o] F o
A Aoz 7Pttt A8 WA A2 8,901 k]/hre] B+
TY9& /M= U733 AA"e|Hh

%S
t}, B|JAEES 9)5te] 7 7}x] 9] TRNSYS EFelo] A= gt &
3], Typel55% TRNSYS?F MATLABS AAAAFE= ogts
Stof, TNRSYSelA 7l A& Rdlyt MATLABOA] 7R
JAFAAFE R O] AFo] 7Hsote S ohirh.
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Fig. 4. Test module
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Fig. 5. TRNSYS components

Table 2. Functions of the TRNSYS component types

Types Roles
Typedc Calling a TMY2 weather file

Calculating the amount of solar radiation on building

Typel6a surfaces

Type69b Calculating the sky temperature

Type33e Calculating the dew-point temperature

Type56a-TR  Calling the building model in the TRNBUILD
NFlow Calculating the indoor temperature

Typel55 Calling the algorithm in MATLAB

Type65d-2  Producing and displaying the output file

2.2. A3 9 457t

E o] of| S/d-53 S A7 7] flste] 245 7+
o] 2P =] it A3} 42 295 4~(NHL), eH5&(LR), =
HE (MO)Z AAE e 30 2] 5l vpel o] Ao of
Akl digt of| & v A S

stobel el e 4
a7 gro s G AE Fol, A NHLof| tiet 717t
Y= = < LRI MO+= 27] 47441 0.63 0.42 1G]
At B7HE Foto] A 9] NHL gro] A% = =, LR of
2 {717} o] FojRitt. o] 49 NHL# MO+= 242t 24244
NHL# T 271449 MO 2 A=t sdgH e s
A LRof| thgt ol B7HE Fote] A LRE EE5H S
H, HFTH oz 2 MO A= 95 F7F 1sf Alefl= NHL
I LR SF Aol 2 E HAgoz 1PN & FrrE R
Pt

AL AS5E YTEHSHL Aol A o= Aozl
FoHMi)¢] CVRMSE(Coefficient of Variation of the Root
Mean Square Errors, %)7} 714 A2 Z9E 2Ju|stH (4] 4),
o] & fIollA oAl Audh A Zo] AHE-2 1004 E 9] HlolH Al
E7} HSH I

npx|eto 2 A5k o) tiet 2E A58 7 AAE S
th. o] & fI5to] A 22 1004 E 9] vlo] 8 7F AR = It 454
7Fe fIstel Siek Mi 7He] Wutex, eabRi, e
CVRMSE(%)7} B4 = it

Ay
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Table 3 TeStEd para”’etric Values PERIODSFTB/\CK TENIPO/\ AVR _nStep-60-nStep-1 TEMPO/\ AVR _nStep-360~nStep-301
Components TEMPSI:TBA(K / IS TEMP OA, Step ’,/ N TEMPOA _AVR_ nStep-120~nStep-61 ‘/ '\\
to be Parametric values to be tested ) | ) L) L) . L)
optimized N NN NN */\,/
NHL 1 2 3 4 5 6 7 8 9 10 =
LR 1 2 3 4 5 6 7 § 9 10
MO d 2 3 4 5 6 7 § 9 10
CVRMSE(%) = > 100 @)

3. Zat 24

2 23to] Anprt & 4-60] A =lo] Slck. A WA THA
Ql dHo] 249F S(NHL)o| gt =48 e E42 % Siet
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on, 49| 9= 3719 NHL?! Z3-%-=2 Yepgdth(a 4). vt
W, 27 Beo] H 9= 41 41%2H 2 NHL 24 A] 9= 4
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o A= 3709 2S5 71 HEl 2 FIhE et

E 5 499 shEEWLR) O tiet 545 27t A== o
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27.7%~42.3%% Fef o 249 CVRMSEQ7.7%)= &
o] g0l 71423 0.6%1 H 9= BA It e, 24
o] 2ele 0.6 LREH A4t}

Aol MO it A5387k= & 6] =] Q.
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x5 9o, 249 CVRMSEQ2.9%)E MO gte] 0.29] =
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Table 4. Normalization of the input variables
NHL
1 2 3 4 5 6 7 8 9 10
CVRMSE(%)  41.1 36.7 27.7 30.1 493 479 70.7 75.5 584 76.0

Table 5. Normalization of the input variables
LR
1l 2 3 4 5 6 7 8 9 10
CVRMSE(%)  40.8 33.2 37.8 72.0 333 27.7 423 350 322 315

Table 6. Normalization of the input variables
MO
1l 2 3 4 5 6 7 8 9 10
CVRMSE(%) 344 22.8 252 27.7 30.7 249 253 27.7 40.1 43.9
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LOAD,

SETBACK

NHN: 19, NHL: 3, NHN: 19, NON: 1, LR: 0.6, MO: 0.2

Fig. 6. Optimized model
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Fig. 7. Profile of the Predicted and Simulated Results
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Nomenclature

ANN:: artificial neural network

TEMPsgrpack: setback temperature, °C

PERIODsgrpack: setback period during the daytime, minutes
TEMPoa nstep: outdoor air temperature in the current control
cycle, °C

TEMPoa_AVE nswep-60~nswep-1- average outdoor air temperature
from nStep—60 to nStep—1, °C

TEMPoa AVEsstep-120~nseep-61- average outdoor air temperature
from nStep—120 to nStep—61, °C

TEMPoa AVEnstep-360~nstep-301 - average outdoor air temperature
from nStep—360 to nStep—301, °C

LOADsgreack: predicted amount of cooling load during the
setback period, kWh

NIN: number of neurons in the input layer

NHN: number of neurons in the hidden layer

NON: number of neurons in the output layer

NHL: number of hidden layer

LR: learning rate

MO: moment

VALyor: normalized value
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VALacr: actual value of each input variable
VALyin: minimal value of each input variable
VALpmax: maximal value of each input variable
ND: number of datasets

Si: value predicted by the ANN model

Mi: numerically simulated value

Mavr: average of Mi
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