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Abstract

This paper proposes a method to supplement the lack of operation data according to various control
settings in the development of data-based prediction models for heating, ventilation & air conditioning

(HVAC) system optimal control.

Multiple linear regression (MLR) was used to develop a performance

prediction model of the target device, and a simulation model of the heat source system was developed in
connection with this. In order to secure sufficient learning data for the development of predictive models
through simulation, we generated operation data for various boundary conditions and control settings,

developed a Deep Neural Network (DNN) model,

parameter optimization.
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2R
YA A2 water cooled VRF(Variable
refrigerant flow) A|AElolw] Ae|7] (7o} W7t
o), ¥4 A2 g R A 9tk 7 7]
7] AFekS <Table 1>o] UERdth Ae7|&=
R410A Y& ARE3la 1ov, digital scroll¥}
FVI scroll 45715 HAIsH 2ot} Wy 59
< 47} 116 kW, 5t]7}F 145 kW, 8t} 174 kW
ojth. AuHlAEE 247t 232 kW, 29.0 kW, 34.8
kW=, 5 EER 5.09] 7]7]o]t}, W¥Zshe W7z}
59 24767 kweolm, ¥Z5 %S 426 m3/ho]
ok Wz 1t fano] 3707F AR glom,
7} fano] FTHL 6,444 m3/holth Y HI=
JAFol 426 m3/mholH, QJIHEIZ} §HAjE o] W
T A7k 7hsstth W2 fan Alo9} WS
Aol AR Ao gk WHS ot} At

- Control of cooling tower fan : ¥Ztg &7
Wb 57F ARGkl TEstEE Wbd 9o
%% (high, low)} & Alojgitt.

- Control of cooling water flow : Zeha]ze]
3
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Al &gl gk AlEEolds TSIt AlE
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ok Al Egolde A7)z Aed g = A
U Fahkwnygh 9171 FEE(C), 2ea Aol
AR A 27 Y 2508 94
A% wE Ak mmAge kel 7+ 7)719] A
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<Table 1> Equipment Specification
Equipment Quantity (EA) Specification

Refrigerant :
Cooling capacity :

Water cooled VRF

R410A, Compressor : Digital scroll + FVI scroll
116 kW (4EA), 145 kW (SEA), 174 kW (S8EA),

outdoor units 17 Rated power : 23.2 kW, 29.0 kW, 34.8 kW, EER : 5.0
Cooling water flow : 22.8 m*/h, 28.5m*h, 34.2m*h
Cooling capacity : 2,476.7 kW, Cooling water flow : 426 m*/h,
Cooling water inlet temperature : 32C,
Cooling Tower 2 Cooling water outlet temperature : 37°C
Number of fans : 3 EA, Air volume per fan : 6,444 m’h,
Fan rated power : 30 kW
Cooling Water 3 Cooling water flow : 426 m*h, Head : 30m, Moter : 55kW

Pump (Inverter)
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2, A3, A4, s, e Regression coefficient (-)0] R?
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Regression coefficient= 2015'd d|olE|E H}&
o7 HaAsHE ol&sto] AbESith aea
1593 dAe] 717] s #olE BA &) 9lE
2022d Hlo]ElE o] &3}] Calibration coefficient

Hop 2

Cooling Water Pump
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Simulation Flow Chart.

Calibration coefficientE
£ YERN= Coefficient of the Variation of the
Root Mean Square Error (CVRMSE) %! A7 A<=
<Table 3>°]
Calibration coefficient= A $£7]17F 1.34, ¥ Zgo]
1.19, ¥ #F=Z7} 1090tk ZE 717]17F 1.0
ol A=EgloH, ol Y AAxH
oA 2015 ETE 20228 717] AE An|RFo]
S7H S-S 9 mlsith

=

<Table 2> Regression coefficient and Calibration coefficient of Equipment

Z AEsF ZF 22 Regression coefficient 2}

<Table 2>°1,

2 Aee

vebdey 7 71719

Regression coefficient (c:iifbff:it;rtl
a1 an as ag as ade c
Outdoor Unit  -42.25977 492163  -0.12947  -0.06958  -0.000007  0.00978 1.34
Cooling Tower 2841861  -7.69810  0.42334 005969  -0.000008  -0.00193 1.19
Cooling Water 4 13405 007147 0.00002  -6148010  17.97997 006436 1.09

Pump

<Table 3> Simulation Accuracy

Outdoor Unit

Cooling Tower

Cooling Water Pump

CVRMSE [%)] 17.3

222

13.2

R[] 0.89

0.81

0.95
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<Table 4> Type and Range of Input values

2t clofef 7|8k o|F

28 JHebof oHEt A+

Input values

Range

Total number of data

Heat load

381.0 kWh - 1905.2 kWh (interval 381.0 kWh)

Outdoor air
web bulb temperature

18C- 31T (interval 1C)

Cooling water
temperature

3,675

20C- 33C (interval 1C)

Differential

0.4 mmAq - 1.0 mmAq (interval 0.1)

pressure

2d o5 AEE+= CVRMSE 132% ~ 22.2%,

R%Zt 0.81 ~ 0.95°.%, ASHRAE Guideline 14°]4
A|A13H= hourly criteria CVRMSE 30%$} R*%k
0.75 o1& B wkE3i)

st AlEE oS o] &ate] 1Y dlojEQl
Al Fat, 7] F_E, AT AR A
o Azl digt B Fbel e 717] olyA
2RlEE AAESlth 2 Y dlolH el W W
st shsdloE 8] & <Table 4>° YERATE
Al Fatel el A9Vl AASEH 20%
(381.0 kWh)oll 4 100% (1905.2 kWh)Z 3&}3} 0.
M4 20% (381.0 kWh) o & &t} &7 &7

EEE 18T ~ 31T, 1T HAo|n, W74 25
£ 20T ~ 33C, 1T HAolt). o), W7ts &
T «97] 7% + Approach temperature” X
o we 5 glonz 97 ek we Wzt
T =5 HE AdEelth Ay WHee

04mmAq ~ 1.0mmAg, IlmmAq 7&7510]‘:} ol & A
ZF 49 dlolgel gk ShFHlolEl F 3,67570F
AR BT

Hiddentiayer Outputlayer

Input Laver
[Fig. 2] DNN model structure.

AHEE T Q) IFAI7 -2 DNN (Deep Neural
Network), RNN (Recurrent Neural Network), CNN
(Convolutional Neural Network) 5 ThFsH e
2 g, @ Arlde dels, 62

o,%a7
bEe edEe e
S

set 20%, Train set 80%%
o] 20%5 AT 2 %

Validation set® 2 FF3lSit} sk do]EH ] ¢
s HY Scale zol7F E AF, B9 5 7
oA AArbstdR A8 Al e oo Ak
Sl EAI7F A 4= QItH(Olu-Ajayi R et al,
2022). kA MinMax scalerS ARS8 Train set
= 0% 1 Afe] W9l ¥F HEER st

(Normalization)8}$I T, DNN R 8ol ALg-3F



| START |

| Building dataset |
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[Fig. 3] Algorithm flowchart.

st g4 9 FEvolA & Relu®t Adamo]™ HAS = 7] d83Es sk gA REs
E284= MSECIt). 85 47 Manual search  &53te] 5 o] mEt vy JE S A
Ao Fof, HaHgo] WAEA] 4t 200 vl o]F AEE Af kM FHH SE
g2 33tk Hrrsta oA RS A \bE gy FR
ZlEoll T2 w7bA] stolsd HetrEE Qo]
4. sto|o m2tolE =A35t Esit} Hjo]A|Qt HA st o] HYE WS
gl o= A% A 9F w|o]x|ek A2 stoly Fetu|y 23S Z=ThBrochu E
TH-= = [} = -
AAs WS o] 83t o]y selmEE A et al.., 2010). & ‘?i:rL‘Oﬂlﬂﬂ A Uz
satgith. ahol¥ shebulEs ATATF 24 sl Gaussian process(GP)E, &5 e4F  Expected
84 34 2 AguA oe g oduiar, o mprovemen(E)E AESIT.
st #HA3E 7|Ho] EASY £ ATFdA= Ml
oAt HAFE 2 gete] stolH HErHE FH 1. o+ Huf
A gletint. wo]A Qb HAs= wAaley, dold
BA ABYold So] Bas HAZ BAZ & o]zt HAgle] A&l dlolE&= Ui B/
$Ao07 Asy] 98 Wol AFEHT 9lom, 3} train set¥} validation setS AFE-3}SIt) o)A
22 g9 Fghe Ak EE Ayz goe W AN Sl AR RS ws 5
A HAYZ B 7olo). wo|xer HAg  (Nodes), <Y % J(Hidden layers), =% o} (Drop
+ oA 2d(Surrogate model)d} S T out), ¥%5&(Learning rate)ol™, 7 Fell ok
(Acquisition function)®. & TAJETE A 2 stelsl sherlel @A Wslsh AAst s
BA Fmo] ANE E2Al7] 98] AFLE I <Table 5>° WA 2495 ¢ #9le= 2
95 Sl ohe Wb Fu, = Qdge 2 /- 10700, =B e 2 2HeA 167 ~
7] el AgHrh o) AES Fal Woxe 2T =R obRE 00 ~ 03, FHES
0.0001 ~ 0.01°]t}. wo] x|t HA g5 &5 4
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<Table 5> Hyper parameter Optimization Range

2t clofef 7|8k o|F

29 Tl ofet o4

<Table 6> CVRMSE and R? Score in DNN model

Range Result CVRMSE [%] R[]
Hidden 2~ 10 3 Outdoor 042 0.99
layers Unit . .
Nodes 16 ~ 256 161, 150, 145 Cooli
ooling
1.99 0.99
Drop 0.0~0.3 0.0 Tower
out
Learning Cooling 3.24 0.99
e 0.0001 ~ 0.01 0.006159 Water Pump ~ -
Outdoor Unit Cooling Tower o Cooling Water Pump
700 ’.
£o 100 50
z L g
300
20
40
Wdﬂ 260 3(‘}0 Ai(‘}:g‘ va‘u:(‘}ﬂ Béﬂ 7b0 2b Ab 5‘0 et v:ﬁm 150 WZ‘CI Wb Zb j‘g(tua‘ Va:i Sb 6‘0 7'0
[Fig. 4] Predictive Graph and Scatter Plot of Outdoor Unit, Cooling tower and Cooling water pump.

W ARE HA stold vepvy 2FE &Y
= 7 3N, 2 &Yl Ui == 4 161, 150,
14570, =3 o} 0.0, 355 0.006159°]t}. o] uf,
% AT CVRMSES R’ FHS <Table 6>9}
[Fig. 4]l YEbAIth. DNN 229 oS5 HI%
= CVRMSE 0.42% ~ 3.24%, R*> %t 0.99 ~ 0.99
2, ASHRAE Guideline 14 7|52 2% w53k

ok

ok
n:E
0
2
O
©
ofr
3
52
z
(o
o

S =T 4 9= MLRES Ag38te] YA AHE
of ojst Al%EﬂOV Rds sl AlEY
o]d o= A L= CVRMSE 13.2% ~ 22.2%, R?

7k 081 ~ 0.951 ASHRAE Guideline 1404 ]
Al8H= hourly criteria 7] CVRMSE 30%%} R*%k
0.75 o< BT wEste Ass Btk AlE
golds o RE AAxd 9 2 23l
gk EAdolEE AAst olF SEdHolHE
o]&-3to] DNN Ll s = e = U =
AEE s Hdl wo|At HAFE o] &3]
stol¥ webulElE FHA sk Ay, 24HF
T 370, 2 &S dis == S 161, 150, 145
N, =5 oF% 0.0, g5E 0.0061599] stolH s}
golg  x3o] AR EHGOH, o5 AgEs
CVRMSE 0.42% ~ 3.24%, R*%k 0.99% ASHRAE
Guideline 14 7|52 E5 THE8lIoh

=R c) N
T a=
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