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Abstract: In recent years, the rapid development of digital technologies such as the Internet of Things, big data, and
artificial intelligence has provided new methods for the operation optimization of integrated energy systems (IES). A data-
driven operation optimization method for IES was proposed. For an industrial park with a self-contained energy station in
northern China, a deep learning long short-term memory neural network model was used for multi-load joint forecasting and
photovoltaic power forecasting, providing accurate support for the operation optimization of the energy station. The main
energy supply equipment was modeled under full operating conditions through data-driven machine learning algorithms.
Taking energy efficiency, economic, and comprehensive benefit indicators as optimization objectives, the particle swarm
optimization algorithm was applied to obtain typical daily operation optimization results. Under the condition of optimal
energy efficiency indicator, the comprehensive energy utilization rate of the system reached 83.0%, and the operating cost
was 64 802 yuan. Under the condition of optimal economic indicator, the system operating cost was as low as 64 590 yuan,
and the comprehensive energy utilization rate reached 79.3%. Under the condition of optimal comprehensive benefit
indicator, compared to the actual operation of the energy station, the comprehensive energy utilization rate increased by
7.5%, and the operating cost was reduced by 6 444 yuan. The results indicate that this operation optimization method has
practical significance for guiding the operation optimization of IES.
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Fig. 1 Energy supply mode of IES
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Table 2 Parameters of multi-load joint forecasting network model
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Fig. 2 Forecasting results of typical daily electrical and

heating loads
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Fig.3 Forecasting results of typical daily photovoltaic power

generation
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Fig. 5 Solution process of PSO algorithm
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Fig. 9 Electrical load allocation under optimal operating cost
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Fig. 11 Actual electrical load allocation of energy station
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Fig. 12 Actual heating load allocation of energy station

90
= I %,
—— KbRiEfr
80 -
R
E
z
99
m
0
& 70r
60 L L L 1
00:00 06:00 12:00 18:00 24:00

i i)
B 13 gERFEIRTEE

Fig. 13 Comparison of energy efficiency indicators

4500

3500
S
®
=
e
i
25001
L
1500 | | | |
00:00 06:00 12:00 18:00 24:00
i )
E14 Z5EiRxTtt
Fig. 14 Comparison of economic indicators
4 &g

ARSCHE T I T B SR sl B TES YR ey T AN
BATIAC T o 3 S TR A 2] LSTM #4708 1 H
T HUI 38 LR 2 J7 ik AT N ERAILRD ELAPILEL
P A5, 43 30l LLRE RS A L 28 U 48 A RN 25 5 28 25 48
br R Al B b, 1t PSOSK it R GLis itk e,
AR5 Ml el e 050 oty £ gz 2 B A0 H SRy 4] o3,
WnF .

(1) 3 T BE 2 ) LSTM R AU 1) £2 50 17 fp B A
ToU £ 54 B2 FDGAR e H T 2R SRS B2 43 301l 35 )
93%,95% VA I, RE % R & Gt iz 17 0 Ak 42 RS
WeHs

(2)38 i LA 2 > BP 5.3 Hl XGBoost B33 , 52
I AL RR IR A 4 T oA, INBRAIL L ELRR AL A
KGR k5] 97%,90% LA L, i 1L AT oK

(3)BER A TF LA 345 3T H AR T HL A7 o
PeAb s 7 24 A AR, T AR 4l ELAAR S SR Bt ik

© Editorial Department of Integrated Intelligent Energy. Thisis an open access article under the CC BY-NC-ND license.



% 127

B, 5 BRI B 09 42 A AL R R LB ATHRALAT R

<41 -

Hin. SEPRs TE A, 255 80 febn s i iy
ATy %8, A H 25 G R IR A HPRIE T T 7. 5%, 15
TTHATATZ) T 6 444 8,

25 LTIl AR SCHR B TR IR B 1 as 1T AR
7 L RB S SE I IES 80 V4P 1T . TR 3K
U2 A SCAUGHRE B Z 0017 1 67 4 S0 AL b iz
15501 ABASCZ oo T far B G B0 Oy v Fnas At Ak
AL V8 B A A 1 3 ) 2 O A R R T
B[] B2, 1 AR B AR BRI, B X (L v 2= R ask
T 2 43 S| O J A7 A WU A2 AT AR 5T L ok 48 T BE
TRk stk

Sk

(137N . T A R D5 30 A vl D) SR TN A TR 8 25 >0
IEBRFELD ] 7N ARRg TR, 2021,

XIE Xiaoyu. Research on deep learning method for ultra-
short-term power prediction of renewable energy [D].
Guangzhou: South China University of Technology, 2021.

[2]JCHENG W Y Y, LIU Y B, BOURGEOIS A J, et al. Short-
term wind forecast of a data assimilation/weather forecasting
system with wind turbine anemometer measurement
assimilation[ J ]. Renewable Energy, 2017, 107: 340-351.

[3]MA T, YANG H X, LU L. Solar photovoltaic system
modeling and performance prediction [J]. Renewable &
Sustainable Energy Reviews, 2014, 36: 304-315.

[4]KAVASSERI R G, SEETHARAMAN K. Day-ahead wind
speed forecasting using f~ARIMA models [J]. Renewable
Energy, 2009, 34(5): 1388-1393.

(SR, G5, Fef, 5. AR EUnlA B Y R R
HLPRINLT . ARG AL, 2010, 34(16): 78-82, 91.
WANG Caixia, LU Zongxiang, QIAO Ying, et al. Short-
term  wind power forecast based on non-parametric
regression model [J]. Automation of Electric Power
Systems, 2010, 34(16): 78-82, 91.

[6]JGUAN C, LUH P B, MICHEL L D, et al. Hybrid Kalman
filters for very short-term load forecasting and prediction
interval estimation [J]. TEEE Transactions on Power
Systems, 2013, 28(4): 3806-3817.

[7]BAE K Y, JANG HS, SUNG D K. Hourly solar irradiance
prediction based on support vector machine and its error
analysis [J]. IEEE Transactions on Power Systems, 2017:
32(2): 935-945.

[8JHERNANDEZ L, BALADRON C, AGUIAR J M, et al.
Artificial neural network for short-term load forecasting in
distribution systems[ﬂ. Energies, 2014, 7(3): 1576-1598.

(913 &4, BaBkaET, X KAk . A T4 e ARTE K 56k
S AR B K Sl AT T A R ZRIR [T]. 275 R R e
Ui, 2025, 47(3): 32-46.

ZHANG Dongdong, SHAN Linke, LIU Tianhao.
Application of artificial intelligence technology in data
mining and power prediction of wind and photovoltaic power
generation[ ] |. Integrated Intelligent Energy, 2025, 47(3):
32-46.

(LOJARHT 30, PRI, 250, 45 TIRBE T 0B PR BT pf

ZE I 2% 1 R KT AR BN R (T ], Wy A B e
2018, 38(5): 36-42.
NIU Zhewen, YU Zeyuan, LI Bo, et al. Short-term wind
power forecasting model based on deep gated recurrent unit
neural network [ J ]. Electric Power Automation Equipment,
2018, 38(5): 36-42.

[11JWEN L L, ZHOU K L, YANG S L, et al. Optimal load
dispatch of community microgrid with deep learning based
solar power and load forecasting[J]. Energy, 2019, 171:
1053-1065.

L12)5kfE, IR, ZREm, 5 40 M AR 3 2 ) S A

R ST SO R DA B A R L) . b E H L TR
4, 2019, 39(8) : 2221-2230.
ZHANG Qian, MA Yuan, LI Guoli, et al. Application of
frequency domain decomposition and deep learning
algorithm in short-term load and photovoltaic power
prediction [J]. Proceedings of the CSEE, 2019, 39(8) :
2221-2230.

[I3JAMREL, E/NVHE, 5k GE, 5 T LSTM M2 AL 557 )

MLEa IR R 2o mil 1] B RG A sk,
2021, 45(5): 63-70.
SUN Qingkai, WANG Xiaojun, ZHANG Yizhi, et al.
Multiple load prediction of integrated energy system based
on long short-term memory and multi-task learning [J].
Automation of Electric Power Systems, 2021, 45 (5) :
63-70.

[14]WANG X, WANG S X, ZHAO Q Y, etal. A multi-energy
load prediction model based on deep multi-task learning
and ensemble approach for regional integrated energy
systems [J]. International Journal of Electrical Power &
Energy Systems, 2021, 126: 106583.

(15 J8R0E, WK, sk, & JE TR UL 1925 5 RE IR

Ay Z vt Huj-H N [I]. 24 8 e,
2024, 46(3): 45-53.
XU Cong, HU Yongfeng, ZHANG Aiping, et al. Day-to-
day forecasting of multi-load in comprehensive energy
system based on feature screening [J]. Integrated
Intelligent Energy, 2024, 46(3): 45-53.

[16]WANG B, ZHANG L. M, MA H R, et al. Parallel LSTM-
based regional integrated energy system multienergy
source—load information interactive energy prediction [J].
Complexity, 2019: 2019: 7414318.

[17]LI K, MU Y C, YANG F, et al. Joint forecasting of

source—load—price for integrated energy system based on

© Editorial Department of Integrated Intelligent Energy. Thisis an open access article under the CC BY-NC-ND license.



e 42

% 48 K

multi-task learning and hybrid attention mechanism [J].
Applied Energy, 2024, 360: 122821.

L1814 e, whrbide, BXER, %5 . BRI LSRR R Gt

FrARAL T IR 2R [T ). 201 S5 k3, 2021, 36(2) -
283-294.
CHEN Long, HAN Zhongyang, ZHAO Jun, et al.
Summary of research on operation optimization methods of
data-driven integrated energy system [J]. Control and
Decision, 2021, 36(2): 283-294.

[19]LIU J Y, SHI D L, LI G N, et al. Data-driven and
association rule mining-based fault diagnosis and action
mechanism analysis for building chillers [J]. Energy and
Buildings, 2020, 216: 109957.

[20]YANG Y P, LI X E, YANG Z P, et al. The application of
cyber physical system for thermal power plants: Data-
driven modeling[ J]. Energies, 2018, 11(4): 11040690.

[21 LI X E, WANG N L, WANG L G, et al. A data-driven model
for the air-cooling condenser of thermal power plants based on
data reconciliation and support vector regression[ J]. Applied
Thermal Engineering, 2018, 129: 1496-1507.

(2210 #E X B2, £l . N LR RETE 1 R &5 e

RGN ERR ], W &g A sk, 2019 , 43
(1): 2-14.
YANG Ting, ZHAO Liyuan, WANG Chenshan. Review on
application of artificial intelligence in power system and
integrated energy system[ ] ]. Automation of Electric Power
Systems, 2019, 43(1): 2-14.

[23]REYNOLDS J, AHMAD M W, REZGUI Y, et al
Operational supply and demand optimisation of a multi-
vector district energy system using artificial neural
networks and a genetic algorithm [J]. Applied Energy,
2019, 235: 699-713.

[24JANAND H, NARANG N, DHILLON J S. Multi-objective

combined heat and power unit commitment using particle

swarm optimization[ﬂ. Energy, 2019, 172: 794-807.

(251 EdL, #ik, TR, 55 5T REPLAR A R 1)

AL 4 Z2 T B A 0 B 25 RE DR — JE M RIIR BE T ).
R T, 2021, 38(6): 695-703.
LI Yukai, HAN Jiabing, YU Chunhao, et al. Three-layer
planning and dispatching of comprehensive energy based
on multi-load forecasting of random forest and long-term
and short-term memory network [J]. Modern Electric
Power, 2021, 38(6): 695-703.

(26 JWRBHNE, A58, K, 55 . 5 B IR -1 A% 2 REHAMY

B -H-HZE R REIR R M AL B FTHIRE )] R ER,
2020, 41(1): 19-29.
OUYANG Bin, YUAN Zhichang, LU Chao, et al. Study
on optimal operation of cold—heat—electricity integrated
energy system considering multi-energy complementarity of
source—load—storage [J]. Power Generation Technology,
2020, 41(1): 19-29.

s HEA:2025-06-18; & B H#H:2025-10-14
LM BHI:2025-12-31; Mt KM LE : www.iienergy.cn

{EZETE T

IREE(1989) , L, m P LRI, Wi, NHEE G BEIR RS
R B A AL EE T IS , xucong@chec.com.cn;

TR (1986) , 2, IR S S LARIW A1, AR ER5 8 X
VR 22 58 52 B I X fitt— (R Al DI ] Hl AR B 2 el IX OGS
REF T BYFSY , xujj@chec.com.cn;

T8 (1991) , %o, mr 2 CREIW, 04, A5 5 80 B RR R
FR G B IR D0 A i — A A P ) AR R otk Bl DX G B AR A
5 IFSY , jiangt@chec.com.cn;

BEZR(1998) , 55, AFF & AR, A1, DA S 2y S 35030 ]
AL £ AR 5 T 5T, xued@chec.com.cn;

EIN R (1997) 5, TR, i+, 25 & R IR 07 1k
FAR T H AT, yanle@chec.com.cn.

© Editorial Department of Integrated Intelligent Energy. Thisis an open access article under the CC BY-NC-ND license.





