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ABSTRACT

KEYW ORD

Purpose: This study aimed at developing an Artificial Neural Network (ANN) model for predicting the amount of Ol Z | 0]

cooling energy consumption of the variable refrigerant flow (VRF) cooling system by the different set-points of the

e3NEY
VRF W EhA| A E

control variables, such as supply air temperature of air handling unit (AHU), condenser fluid temperature, condenser A E A O
- = T
fluid pressure, and refrigerant evaporation temperature. Applying the predicted results for the different set-points, the

control algorithm, which embedded the ANN model, will determine the most energy efficient control strategy. Method:
The ANN model was developed and tested its prediction accuracy by using matrix laboratory (MATLAB) and its neural
network toolbox. The field data sets were collected for the model training and performance evaluation. For completing

Predictive Control
Artificial Neural Network
VRF Cooling System
Optimal Control Variables

the prediction model, three major steps were conducted —1) initial model development including input variable selection,

ii) model optimization, and iii) performance evaluation. Result: Eight meaningful input variables were selected inthe A CCEPTANCE INFO
initial model development such as outdoor temperature, outdoor humidity, indoor temperature, cooling load of the  Received Aug 9, 2017

previous cycle, supply air temperature of AHU, condenser fluid temperature, condenser fluid pressure, and refrigerant ~ Final revision received Aug 24, 2017

evaporation temperature. The initial model was optimized to have 2 hidden layers with 15 hidden neurons each, 0.3

Accepted Aug 29,2017

learning rate, and 0.3 momentum. The optimized model proved its prediction accuracy with stable prediction results.
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Fig. 1. Distribution diagram of VRF system
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Fig. 2. Methodology and range of the study
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Fig. 3. Structure of multi layer neural network
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Table 1. Equations of system variables in VRF system

System .
Variables Fquation
C()Olll’lg ¢ LOADcoor=LOADc—ENERGY outunt
load N LOADCT:(TEMPCOND—TEMPCR)XFRCTXCPX 9]

N POUTLHW:QOUTUNTX 1/COPRrerxCAPFTXEIRFTXEIRFPLRXEIR
FLPM

o CAPFT=-1.20869792780842+0.154136903832201X—
0.00228343808433177X%, when X<35°C

e CAPFT=-1.14607075335381+0.149815443534369X~

0.00182406636707112X*~0.000020998788531433 Y-

0.000594965675057201XY, When X>35°C

EIRFT=-1.5590425513611+0.137130646264128X—

0.00248694481270943X>+0.00370594588069732Y-+0.000376

606609216727Y*+0.000182414794827632XY

*  EIRFPLR=0.907453819075204-3.98933921506731PRL+
8.13631116983235PRLR*-4.05427749810873PLR?,
when PLR>0.5

+  EIRFPLR=1.5507PLR-3.2029PLR*+13.808PLR*~20.02PLR4,
when PLR<0.5

+  EIRFLPM=1.05566666666667—0.000035249999999999CMH

Outdoor
unit

Cooling |, CTEP=TTFExdeltim/3600xcompCocf
Pum Pcr=—0.00000000001gwlpm>*+0.0000008gwlpm?*—
P 0.0017gwlpn1+5.5587
*  FF=m/myeign
Fan o =0, 0023+0.684FF—1.8832FF>+2.2FF’

° Qtot — f erndmanAP/(etolXpalr)

Table 2. Data normalization of input variables

. Field data | Normalized data
Input variables Range example example
TEMPour 10~40°C 30.5°C 0.683333
HUMIDour 0~100% 65.8% 0.00658
TEMP 15~30°C 24.3°C 0.62
SOLAR 0~1000W/m’ 574.5W/m’ 0.5745
LOADcoor 0~3000kWh 664.9kWh 0221633
TEMPs» 8-20°C 14°C 0.5
TEMPconn 1540°C 35°C 038
PRESconn 0.25~1.25kg/ar’ | 0.75kg/an’ 05
TEMPryap 5-15°C 11°C 0.6
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Table 3. Prediction accuracy by four cases (3t A& AH
Input variables Case 1 Case 2 Case 3 Case 4 o2 HES AA AE H-8517] 9J5te] VRF A|AHIS 9 =
ot c : > ° ol g 7120 T, ALA] A2T SHE] 9125 RED
TEMPour 0 0 0 0 e 2 A3 3 e Es 52408 A Qe ol @
TEMPy 0 0 0 0 HAAgE A= di D22 Fig. 87} 2] Aal%, 7152, &
e . . . . o8 o] glom, A7} 72 BEoke 7125 VR A
SA -
TEMPcoxp 0 0 0 0 2glo] jsto] EA = G}
PRESconp (0) [0) (6] [e)
TEMPgyap (0] (0] (0] (0]
Cv(RMSE)[%)] 21.35 21.84 15.93 15.49 VIF
Roof
upgo2 28 QusE Aget] 9Id) dusse] 23
of wet Cv(RMSE) @t A= 2 o &4 7t B4 5] g}, Table 3
I} Zro] VRF A| A8 Wutol i 2] o] 5=0 QIAH1 A| A Hl Al of ¥ 4=(5 e
7] MR E, TR, WZks AALE, YA YL E)E o) ottt
Lobby, etc.
W2 AEHAL, r'gho] 71 W2 AelB Tt AFE AlA i
G202 Mg 4714 AeE BAsIgc B4 A7 Cy(RMSE)
7Hob e XS AT YRS 2T Case 471 HAH R o
=t % :!' Podium
M Basement parking lot,
> Machinery, Emergency room
(2) 27159 A Fig. 8. Arrangement plan of R&D center
21759 JRAWSA ARD o) F 27109 AL Slste] 213
o Fash AW WolFS, A&, WAL AL 32 md A"}
ANN 298 71AF tf 54 ¢l Adrer ¢ = AXu} A AW o] AL
g A T A A ANN B29) 27513 42452 3502 F4A717] 919 7}
AT
AYAFHOZ vigro g 7] mdo] U= 2(NHL, number 4 A 72859l NHL, NHN, wi7i#5<1 LR, MO, epochs,
= =9 w5l 714 p N o
ofh1dden layers)Q]J _9_1:]‘%4 _1|__|_‘:H_/'\_ (NH umber ofh1dden goal o= EE —L}'Z O]E} O}EH Table4 ]/\-]1__ A NE%J :|1
= = ZH 29} S}&H 2~ 0] JubA o] W] Wl AA 7z EX]o] tfsle] A
neurons)= 27+ 13} 172 AR =] ek, T3 v 42l 27] k5 uﬂ;o%u} T emT =
& (LR, learning rate) @ ZWE (MO, momentum)- 0.67} 0.2=2 e ) }
wgman A AT ANN 27129€ 7o A5 dold checking
el Al ImolE e ouseld A5 Hege] ¢ G 18IEE ol8stel 35k Aol Ragsgion, 44 el
LYl aT T — |- 1T 10 s - - s -
arioon seme Ang) due] gt Aasod g 0 P8I ASE A0l A3gsE Rae Sl 1959
— =10 ) vowT <] AT = - S
AAstel] vt AA7EA B biasgh e AulolESE shagaq o A NHLA NHNS 2@ oif 42 LRot MO7Y
= = H —°I= 58| na =)o) 1 . 2217 - =2
LM (Levenberg Marquardt) ¢112]&0] A-4-5|91c}.?” of# Fig, 7 ELEH T Table 55 ol U ol w4 gl:t e ol _IE
o 2/mde 228 UYehlz 9ok Sheot 245|900, 7 e Cy(RMSE) g ol T284
2 oSt 2 S,

ENERGY coo

1-Hidden Layer
7-Hidden Neuron
Learning Rate: 0.6
Moment: 0.2

Input Layer
(9-neurons)

- mp OutputLayer

Fig. 7. Structure of initial ANN model
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Table 4. Parameters of ANN model

Division Range Contents
NHL I~n Accuracy performance become improved As
NHN 1~n NHL/NHN higher, but it takes longer time
LR OLsn<10 | fR O e ks longer i
MO 0.1<n<1.0 | As MO higher, learming process faster
Epochs 1000 Maximum number of leaming iteration
Goal 0.01 Target accuracy of estimation

Table 5. Values for parameters of the optimization

Division Range
NHL 1,2,3,45
NHN 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20
LR 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0
MO 0.1, 0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0
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ANN 2 H 9] |55 D A= L& FA5}7] §loto] AA| ¥
U 2] ARG ol 55 Axtgho] Hlw E| ¢iet. o]n, ASHRAEO|A+=
AZdolH et Algdo]ld AMgkE vlwstal Hrlste FA4 7

S AXSIE ded, ANN Rd9 d&A%e gyt
Cv(RMSE)& H7}=9lch.

ABEAE YErE 2 glolE o] S W] gt I
A5 A% Y 378 Uetde FEoln, ASHRAE 7|5 0.89]
i o o b gl U 2 2 L

Cv(RMSE)= Al F 2L ZHRMSE, root mean square error)
o] W% A|%=(Cy, coefficient of variation)o]™, AA| gk} o =7ke]
Aol g mtetshes Az AREH T dibE o= Cv(RMSE)& 0%
o 7W7kea& A So] Aesithes Z& oJn|skal ASHRAE A+
30%E A371E 22 AASHAH. tha2 Cv(RMSE) 9] Atz

i)

=

o] Ureftar gl
Cv(RMSE) = %SEX 100 Equation (1)
Y-V
RMSE= EM Equation (1.1)

N
4. 2 £

4.1. =3 2%

Table 6. Cv(RMSE) by structural parameters

NHNNHL 1 2 5 4 5
10 149 14.1 182 153 26
11 168 137 144 14.1 17.7
12 132 17.6 146 135 244
13 13.1 142 125 154 200
14 144 143 139 156 131
15 127 123 128 189 3.1
16 216 15.1 145 126 138
17 156 144 162 127 140
18 132 134 136 158 130
19 162 13.9 160 137 137
20 142 139 146 144 143

Table 7. Cv(RMSE) by learning parameters

IR
MO 0102|0304 05|06 /|07 )|08]|09] 10

01 [159]176|164 | 142|138 |16.0 | 153 | 153|129 | 123
02 |128 144|156 | 123|152 | 123|129 | 134|129 | 133
03 |[158 140|113 | 142 | 12.8 | 13.7 | 183 | 159 | 145 | 15.1
04 |[129 136|151 |148|163 |13.0 | 144|142 | 170]| 154
05 |[133]126 129|138 |13.1 |17.0|16.6 | 12.0 | 174 | 12.2
06 |139]125|11.7|136|13.1 |151|154|13.0| 152|134
07 |131]11.7|148 | 154|143 |13.0 | 129 | 133 | 149 | 13.7
08 |[129]146| 137|156 | 133 |12.6 | 132 | 13.1 | 153 | 15.0
09 |[161|155| 141|154 |139 | 144|140 | 13.5]13.0 | 133
1.0 | 13.7]135] 120|127 131 | 114|163 | 153 | 123 | 143
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Fig. 11. Structure of optimized ANN model
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Nomenclature

TEMPoyr: average outdoor dry—bulb temperature[® C]
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HUMIDour: average outdoor relative humidity[%]

TEMPy: average indoor dry—bulb temperature[® C]

SOLAR: average solar radiation[w/m?2]

LOADcoor: cooling load[kWh]

TEMPsa: air handling unit supply air temperature[® C]
PRESconn: condenser fluid pressure[kg/cn]

TEMPconp: condenser fluid temperature[® C]

TEMPgyap: condenser fluid evaporation temperature[® C]
LOADcr: load of cooling tower[kWh]

ENERGY outunt: energy used by outdoor units[kWh]

FRer: condenser water volume flow rate[m3/h]

¢p: specific heat for water[kcal/kg:® C]

o density of water[kg/m”

Poutunt: electric power of outdoor units[kW]

Qourunt: reference capacity of outdoor unit[kW]

COPrer: reference coefficient of performance[4.787W /W]
CAPFT: cooling capacity ratio according to the entering
condenser fluid and inlet wet—bulb air temperatures

EIRFT: electric power ratio according to the entering condenser
fluid and inlet wet—bulb air temperatures

EIRFPLR: electric power ratio according to the part load ratio
EIRFLPM: electric power ratio according to the amount of
condenser fluid

X inlet air wet—bulb temperature entering the DX coil in the
AHU[® C]

Y: condenser fluid supply temperature[® C]

PLR: part load ratio[%]

CMH: flow rate of condenser fluid[m3/h]

CTEP: electric power of fan in the cooling tower[kWh]

TTEE: electric power of constant—speed fan in the cooling
tower[kW]

deltim: time step in the simulation process

compCoef: cooling tower fan power correction coefficient

FF: flow fraction

fpl: fraction of full load power

Pcr: electric power of pumps in cooling tower[kW]

gwlpm: flow rate of condenser fluid[l/m]

FF: flow fraction

m: current air mass flow[kg/s]

Myesign” design(maximum) airflow[kg/s]

fo1* fraction of full load power

Quor- fan power[W]

AP: fan design pressure increase[Pa]

e+ fan total efficiency

04 air density at standard conditions[kg/m®



