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Data-Driven Energy Consumption Prediction for
Chiller Plants Using Machine Learning: A Practical Study
Yuan Yang'? Zou Qiusheng! Wang Maoqi'
( 1.Sichuan Provincial Architectural Design and Research Institute Co., Ltd, Chengdu, 610000;
2.Chongqing University, Chongqing, 400044 )

[ Abstract ] Chiller plants traditional energy consumption calculation methods-typically based on empirical formula
summation-often suffer from issues such as high input dimensionality, laborious calibration, and limited generalizability under
variable operating conditions. A machine learning (ML) approach for short-term energy consumption forecasting in the chiller plant
with eight independent input variables was proposed. Seven machine learning models together with Sum were selected to predicted
the energy consumption under both variable and constant primary chilled water flow conditions..The Random forest (RF) and
Extreme gradient boosting trees (XGB) were determined to be the preferred model due to their better accuracy of the energy
consumption forecasting than the Sum and other five machine learning models. A practical tool for engineers to evaluate energy
performance and validate control strategies was provided by the novel ML-based model.

[Keywords] Chiller plant; Energy consumption prediction; Machine learning algorithms; Historical operational data
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Table 1 Chiller plant parameter

B AR i

WES

250 KHLA
B0 KHLA
RIRKE
RIRKE
RHIKE
RHIKE
R

A

HIA 3516KW, T 575.3kW, COP: 6.11, WAL E/KIR 7/12°C, AEIEEKIR 32/37°C
HIA R 1758KW, ThE 322kW, COP: 5.46, A iGAtRIKIE 7/12°C, “EIEEIKIR 32/37°C
i 605m¥h, #FE 41m,
i 302mYh, R 41m,
Wi 710m¥h, #FE 41m,
i 356mYh, L 41m, I 55kW, HLE/ATR 380V/S0HZ, #53# 1450r/min
KILE 800m¥h, TE 45kW, HEH/KIE 32/37°C, TAEZSMERREEE 27°C
K E 400m3/h, BEHUKIR: 32/37°C, LAESAMNEERIESE 27°C, % 15kW

Th# 90kW, HLE/HHiZ 380V/50HZ, #%5# 1480r/min
Th# 45kW, HLE/HiZ 380V/50HZ, #%5# 1450r/min
Th# 90kW, HLE/HHiZ 380V/50HZ, #%5# 1450r/min
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SRR fR/ME IZIN| HE HALE b2 95% B {75 X [H]
HLD5 REFEAW 0.00 1051.40 449.12 417.75 261.37 [437.29,460.96]
AR B R/ (mP/h) 0.00 1310.30 896.65 1190.60 393.28 [878.85,914.44]
A HLE R/ (mP/h) 0.00 1396.02 934.38 1213.75 407.75 [915.93,52.84]
RIRFEHKIRE/C 9.70 19.73 11.80 11.83 1.41 [11.74,11.87]
R RIKIR &/ C 11.10 20.40 12.96 12.73 1.23 [12.90,13.01]
RHEE HKIRE/C 19.40 33.27 24.79 24.73 2.62 [24.67,24.91]
A T B K EE/C 18.60 31.57 23.42 23.40 227 [23.32,23.52]
BARNABITERE 0.00 2.00 1.34 1.00 0.61 [1.31,1.37]
W HIE REFE/AW 0.00 30.00 28.29 30.00 6.06 [28.02,28.56]
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Table 3 Coefficient values of empirical formulas

X (D WERH

X ®) WERK

X5 WERK

Po 1.2090 %0 -8.2933x1013 o0 213.5303
B -0.0248 y1 4.5675%10°!5 o 913.3908
3 1.399x104 ) -7.9358x10°18 02 -399.7720
B 7
3 -9.2356x10°8 3 6.7737%10° 03 -39.3770
B 7
o4 2.3406
05 -29.1821
3.2 FZH . BAUHIK—IRERERS Hil. KA 4 G RTS8 RS04 KL, Bl

3.2.1 B 5

G R B T AR RS, BT E
R 7200kW, HL55 B 4 G FHIAH R A 2=
IRV R FE BRI R KR « A B K IR FNA 2135

SEFIA R 1758kW, HiATIZE 290kW, A% AEEI7K

i 7/12°C . BEE R HisiT 6 83EH], JA s
HKE T 32°C, B E— 68,

F4 FRNBRESH
Table 4 Chiller plant parameter

BOXB KN 4 HilA & 1758kW, ThE 290kW, COP=6.06, “URHEEI/KIR 7/12°C, A HEEIKIE 32/37°C
AURIKIR 4 JiLE 320m’/h, 712 43m, ThE 55kW
HHIKIE 4 Ui 375m¥h, T2 22m, DiE 37kW
B 4 K 105000m*/h, Tha 11kW, #EHE/KIR 37/32°C, FAMBERIRE 27°C
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Table S Data accuracy

SR e/ ME S IN[:} HE HAE Pt 22 95% F 15 X [H]
WL REFE Penp/kW 0.00 276.50 188.01 191.63 29.43 [186.81,189.22]
AR T monwd/(m/h) 0.00 252.50 138.32 168.33 51.99 [135.62,142.03]
B E FE R mew/(m*/h) 0.00 266.67 146.09 177.78 54.90 [143.23,148.94]
B FERKIEE Taws/C 6.60 14.40, 12.03 12.50 1.45 [11.95,12.10]
VR 5 A KR FE Tenwr/ C 8.70 19.10 15.63 16.10 1.75 [15.54,15.72]
A FEBIKIEE Tew/C 22.30 39.00 34.14 34.40 1.82 [34.04,34.23]
AEEFRIKIBEE Tow/C 23.70 35.70 30.53 30.80 1.83 [30.43,30.62]
P IKMLAIZAT 5 3 New/units 0.00 3.00, 1.64 2.00 0.62 [1.61,1.68]
W EHIERERE Po/kW 7.50 7.50 7.50 7.50 — —

3.2.3 ORI

RV RK AR R EIKEE E AT, HOBATRERE
FIRK R BUE BeREAL . KNI BERER IR (5D
iHE, LG PUERICE TR 6.

F6 HAEZEAABERK
Table 6 Coefficient values of empirical formulas
X (5 WERK HfH
ao -206.10
a1 44430
02 -56.62
a3 21.46
a4 -0.23
as -15.95
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Fig.2 Comparison curves between predicted values and real values of each prediction model

F 7T RIRT 8 FhREAE TR ) 45 = M RE 45
Fr. Hi#E R2. MAE. RMSE 845, Mle2% )2kt
BRSSP T Sumo.RF F1 XGB 23l 1 &AL

R, WE R2N0.97 F10.97, MAE i} 24.44 F
26.38, RMSE 1} 47.70 A1 47.80, el 4455 7Y f) i
Wtk HEF DT, MPR, ANN, BPNN, SVM.
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Table 7 Summary of the global performance metrics of eight models

TR R? MAE RMSE MAPE/%
ANN 0.95 31.25 61.65 47.13
BPNN 0.95 33.54 58.24 41.23
SVM 0.95 33.73 58.16 39.31

DT 0.93 28.03 70.31 11.90
RF 0.97 24.44 47.70 18.25
XGB 0.97 26.38 47.80 29.02
MPR 0.95 29.64 60.17 68.61
Sum 0.82 70.27 116.72 56.29

MIFHAEXRZF AL (LK 3) Faf LA H,
DT B X BR8N, DUzl (IQR)
790.01~0.06, “F¥ME A 0.35, Z 552 RF 1 XGB
A, RF i IQR N 0.01~0.08, “F¥J{ti} 0.38; XGB
) IQR 24 0.01~0.08, “FIHME A 0.43, #HARLH
FasE PERIERfATE . ANNL BPNN H1 SVM [#156 B0k Xt

W Z RN, IQR 434 0.02-0.12 0.02-0.10 A1
0.02-0.10, HMEHI4 0.46. 0.44 F10.47. MPR Al
Sum A X B RHR ZE K, IQR 43124 0.01~0.09
F10.04~0.20, HESIIA 0.50 F10.56. 25 L, 1E4
VKA R 2, DT. RF M XGB 1ER BT 5%
Z b rp R I AR I BE
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Table 8 Summary of the global performance metrics of

eight models
T ALY R? MAE RMSE  MAPE/%
ANN 0.78 49.14 79.48 11.70
BPNN 0.86 43.84 67.02 10.38
SVM 0.85 44.00 69.83 10.17
DT 0.83 47.02 73.04 11.22
RF 0.88 37.24 60.87 8.85
XGB 0.89 38.56 59.52 9.29
MPR -29196.51 1857.14 30650.46 326.22
Sum 0.82 47.77 77.05 10.82
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