DB

LHAIAE 2| AMSE MEAIR (SS 98 JZAZY2Y I
Development of Artificial Neural Network Model for Predicting the Optimal Setback Application of the Heating
Systems

N Xt HER EHF 282

(Authors) aik, Yong Kyu, Yoon, younju, Moon, Jin Woo

=3 St MEfStHAES S =2¢& 16(3), 2016.6, 89-94 (6 pages)

(Source) The International Journal of The Korea Institute of Ecological Architecture and Environment
16(3), 2016.6, 89-94 (6 pages)

gkl 1 St=MEStEAHASS3

(Publisher) KOREA INSTITUTE OF ECOLOGICAL ARCHITECTURE AND ENVIRONMENT

URL http://www.dbpia.co.kr/Article/NODE06702667

APA Style BHER, 8HF, 2R (2016). HEAIAE XM Mi: MZAE fISS 2 38032
Het St=MEjstd2A45ss| =2&, 16(3), 89-94

o3 SUHS W ASHIHA

(Accessed) 165.194.26 . %*x

2016/08/01 16:56 (KST)

MEZ ot

DOBpialilAl MIZEE 2= MAES2 MAEA2 BMEX0AN A0, F2l0I00Es 2 S WES 2oL S XA
OI—ALl EI.
Ol HIZE 2MAAAS 2 Q10 REAN & B2, MY & 2SN Oet 8, Ao BYs & = ASLICH

Copyright Information

The copyright of all works provided by DBpia belongs to the original author(s). Nurimedia is not responsible for contents
of each work. Nor does it guarantee the contents.

You might take civil and criminal liabilities according to copyright and other relevant laws if you publish the contents
without consultation with the original author(s).


http://www.dbpia.co.kr/Publication/PLCT00002487
http://www.dbpia.co.kr/Issue/VOIS00259330
http://www.dbpia.co.kr/Publication/PLCT00002487
http://www.dbpia.co.kr/Issue/VOIS00259330
http://www.dbpia.co.kr/Publisher/IPRD00011717

KIEAE Journal, Vol. 16, No. 3, Jun. 2016, pp.89-94

S
VT )
& &
& )

JN ourna

Korea Institute of Ecological Architecture and Environment

OGS

/\@
%
%

SHEAIAE XA AM2E HEAHE 5S flet ASMETEE Y2

[

Development of Artificial Neural Network Model for Predicting the Optimal Setback Application of the
Heating Systems
LR FIFT BN
"Baik, Yong Kyu * Yoon, younju™~ + Moon, Jin Woo™ "
* Department of Architecture, Seoil University, Seoul, South Korea (vkbaik29@seoil.ac.kr)

** Samsung C&T Corporation, Construction Technology Center, Seoul, South Korea (younju.yoon@samsung.com)
*** Corresponding Author, School of Architecture and Building Science, Chung-Ang University, Seoul, South Korea (gilerbert73@cau.ac.kr)

ABSTRACT KEYW ORD
Purpose: This study aimed at developing an artificial neural network (ANN) model to predict the optimal start ~ 2ASMUZY

moment of the setback temperature during the normal occupied period of a building. Method: For achieving this Ojﬁiﬂ ?j -

objective, three major steps were conducted: the development of an initial ANN model, optimization of the initial élil I:<I>_|H %lg =

model, and performance tests of the optimized model. The development and performance testing of the ANN model

were conducted through numerical simulation methods using transient systems simulation (TRNSYS) and matrix ~ Artificial Neural Network
laboratory (MATLAB) software. Result: The results analysis in the development and test processes revealed that the ~ Predictive Controls

indoor temperature, outdoor temperature, and temperature difference from the setback temperature presented strong l;:;;:;i i:;:;ren; ture

relationship with the optimal start moment of the setback temperature; thus, these variables were used as input

neurons in the ANN model. The optimal values for the number of hidden layers, number of hidden neurons, learning ACCEPTANCE INFO

rate, and moment were found to be 4, 9, 0.6, and 0.9, respectively, and these values were applied to the optimized ~ Received April 26, 2016

ANN model. The optimized model proved its prediction accuracy with the very storing statistical correlation il:jelprggsl\lz:yrigegg? 6May 12,2016
between the predicted values from the ANN model and the simulated values in the TRNSYS model. Thus, the ’

optimized model showed its potential to be applied in the control algorithm.
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£ = A Ad 0] A Ao]2 B3 AR o 2] AL Yol A] A A2 A S EESH] 919 3417 (Artificial Neural
w57 9ok Network) 29& 7l'Esh= Zlolot, 22 o] Al AJ2} A3 o] 2]

H| A A1 7] 7Hunoccupied period)E9He] Al AE] ZE-S 9t 42 3 AL T 2D et I A] 2HE AaA T
AN (setback)- 2 F 9] 2480 21 g oF Wb o1 7] AH|= ¥} SAlO HIAAZIZE SO A2 =5 A E A 2s Helo] B
A|5}7] SIgk EaHA 9l whdolct, 24% Ag, AlBdlold U @ A AN 5 S Ao ZidiEn.
24 290 Aas HPALSo| 2w A-s Au Lo He o|ggh A HA& D5t flste] <™ Dol e Al &
X 23%2] Wiel 2] 52 53%2] holif A o] deto] spsgt  AlSl S TRk A WAE 27] AeURY 2LS
o7 ZAE QT E3], HATE Z/0k7k Aluo] H-2= A Y (Initial Model Development)st= @Ao|T}. o] TA oA+
© ghagz) o o] Wbo 1] 7] 28.2% 2 Wabo 7] 9.5%, 1-ech 27] 7z 9 ok5o] AAE . 53], AFTRE | o
23 7)o o] W4 7] 53.0%9 WHlo 1 2] 16.9%Z Hokst o} 2 7he] A Z4 (Correlational Relationship
2o Aoz BaE el D Analysis)& &5Fo] Fongt S AAsto] R 28
o SHRH.
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- Initial Input and Output Variable Decision

- Initial Model Structure & Learning Method Decision
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f - Number of Hidden Layers
Model - Number of Hidden Neurons
Optimization - Learning Rate

\\ - Moment
<

( X - Correlation between the predicted and simulated
Accuracy Test
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Fig. 1. Research Process
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Neuron), 4% Z(Hidden Layer) ¥ % (Hidden Neuron),
£ 235 (Hidden Layer) 2] €849 (Output Neuron) 2 Zt 73
E 79 TA(Connectivity, Weight)?} Zo|gt4=(Transfer
Function)7} AH-8-H Tt
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T 8 -2 ohg o] i o =4 Al FH s ol HE o]&
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AYLE(TEMP,” O), At AlojAto] 222 E o Ayl 2% ¥
SHATEMPp,® C), A&J2%(TEMPour,” C), ?F AIZH ARH
o] Aeler M3 ATEMPoyr,” C), 18] 1 AL o} Ao
L oFo] ZFo(TEMPpyr,” C) 5 A 7149 48 ndd& 7HA &
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i

g0l 352 st 71E AT AHSN vigor
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Rate, LR), 2211 0.2- 2 A& A 5 Moment, MO)7} 2853
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Fig. 2. Initial Model

SYHEW MSHATHA | 1P 165.194.26.%** | Accessed 2016/08/01 16:56(KST)



HEM - 2AF - 2LR
271599 A9 & AL H Y wHT YRt 4y B7171, 28] 2] ARFE 2 T2 A= 1.5 ACH
A& (Correlational Relationship Analysis)& A A|5}$itt. ©] (Air Change per Hour)9] 7] ¥ 717} 9= Z o 2 714513
£ 5ot £ R BAV 22 dERSsE TEto] AAl A ©m, 12,000 kJ/hr9] & F5F0] 7Fe?t BEAPTT R 7F A 2] =
R o8 ARG o] & fl5te] 85719] HlolE A Eof that At
JHFAT FFAS] R7L AL At Al FAAY 2E i HIAERES »ndldy U folHAE
golHAEL ALHE(11Y€ 19~1¢Y 319l ot <19 =2 9I5to] Transient Systems Simulation (TRNSYS)? ¢}

3ol Hehd Bl 2 ER-EA ZSH T HIAERES] HA X
A2 <E Dol A =]o] ot

HAER S thetil=r A-Zof /]t 9l AL R 716t
Ao, gAFA Gofl gt TMY (Typical Meteorological Year)2
713dlol el 7 AL E ATt TR ] AL Q7| Ee Hat
1.7° C2 gsin, o454 B2 2 FE+ 23.5° C¢
72.7% 2 1.2TH453 7] 5o},

BELS E 42m, Z0]3.6m, E0] 3.05 me] 27]
o] gdA5e 9 372, A% 6.80, HHE 3.7

T 2001

7HAH,

=
=

Zz} =2
0, F&

m2K/W= 2850k FHAv= 95209 0.20 9 &
At

Al
=

o

0.102.2 4+4

1o

Wi-shes 2919 AR, 5 W/m2

1.2m Window

305m

T

*

4.20m
South East

Fig. 3. Module for Data Acquisition

Table 1. Features of the Test Module

Components Features

TMY2 for Seoul, South Kroea (latitude: 37.56°N,
Weather data Jongitude: 126.98°E)

Cold in  winter: 1.7°C air temperature and 59.1%
Climate relative humidity from November to February in

conditions during | average
the cooling Hot and humid in summer: 23.5°C air temperature
season and 72.7% relative humidity from June to

September in average

Dimensions 42 m wide * 3.6 m deep * 3.05 m high
Envel Exterior walls: 3.72
Snveiope Roof: 6.80
insulation Floor: 3.70
[m2K/W] Windows: 0.71 with 6-mm gray glass+16-mm argon
gast6-mm gray glass
South: 0.20
Window-to-wall | North: 0.10
ratio East: 0.00
West: 0.00
Occupants: 2 seated light-work persons

Internal gain Lighting: 5 W/m2
Equipment: 2 computers with printers
1.5 ACH

Radiative heating: 12,000-kJ/hr heat supply

Infiltration rate
Heating system

©Copyright Korea Institute of Ecological Architecture and Environment

SYEtL M2

Matrix Laboratory (MATLAB)? AT Ego]2 5g& oz A
Boloith (1" H= o] e T4 2 Mg o x Hoj&
t} MATLAB Aol= A E R o] Jg} i A
2d10] 255 A7 s, TRNSYS doj= HAERES]
ods, A=Al 9 MATLABYe] A28 $lote] AHE-E]

raa
.

LTE

ATE

2.2, 29l A3}
o] 1 Gt

i

5 740

e 48

A

, SF5A(LR)}
o}, 2| A3k RdofA of| EH TIMEssrot Al&do] A
=% TIMEgpr 7H9] 2to] 7} 2|45 s = 25 W
o= oJm|jict.

A oke 5 27] st
0] 71 FAl A=l oH, o5 Higt A MeE
gt &, StEA et BUIE A I Ao BAE ] EEY
(E olle HAEEX w7 4=9] ghEo] 2] = Ut

ol 2|3t A 3tatd-& flste] 1004 E Q] A2 Ho[EAE
7F f1el A ARt Bl AE REo| A 5 E QU ZF "o HAEo
tiste] o &H TIMEgret A&l A TIMEsre] A
B4 (Correlational Relationship Analysis)-2 A A|5}Fo] 1 gho]
7}t H= RdS MR R Askgih

( irian V([

ple

.

\

MATLAB TRNSYS
Modeling
Developing Test Module
b3
ANN %\/I odel Calculating
Determining Indoor Teimperature
Heating System Communicating
Operation [ '\ with MATLAB )

Figure 4. Incorporated Method for data collection

Table 2. Values for the optimization of the ANN components

Components to be Parametric values to be tested
optimized

Num. hidden layers 1,2, 3, 4,5

Num. hidden neurons 1,2,3 4,5 6,7,8 9,10

Learning rate 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

Moment 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0
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Table 3. Correlation (R’) between the initial input variables and
output variable

Setback R2 with TIMEsg;

Te"ﬁec')am TEMPy | ATEMPy | TEMPour | ATEMPour | TEMPo
195 06009 | 02440 | 05285 | 00601 | 0.6009
190 07959 | 0.1369 | 06328 | 0.1275 | 07959
185 05011 | 0.1693 | 04556 | 0.1966 | 05011
180 08574 | 08812 | 08314 | 05893 | 08574
175 07870 | 09340 | 09968 | 06788 | 0.7870
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Nomenclature

TIMEsgr: predicted time required to reduce the current
indoor temperature to the setback temperature,
minutes

TEMPy: indoor air temperature, ° C

ATEMPy: change from the indoor air temperature of the

preceding control cycle, ° C
TEMPour: outdoor air temperature, ° C
ATEMPour: outdoor air temperature change from one hour
ago, ° C

TEMPpp: temperature  difference  from  the setback
temperature, © C

NHL: number of hidden neurons

NHN: number of hidden neurons

NIN: number of input neurons

NON: number of output neurons

ND: number of training datasets

LR: Learning Rate

MO: Moment
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