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Research on optimal dispatch of integrated energy systems based on constrained reinforcement learning

LI Tianming, WANG Xiaojun, DOU Jiaming, LIU Zhao, SI Fangyuan, HE Jinghan
(School of Electrical Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract: With the “dual-carbon” goal, the high penetration of distributed energy and intensified coupling of
heterogeneous energy sources have made it difficult to solve the optimal dispatch problem in integrated energy systems
(IES). Deep reinforcement learning provides an effective means to address this challenge. However, traditional deep
reinforcement learning usually weights the safety constraints to the reward function in the form of penalty terms, and the
weighting coefficients are usually determined manually and remain fixed during iterations, affecting the convergence
performance and constraint handling capability of the algorithm to some extent. To address this issue, this paper proposes
an IES optimal dispatch method based on constrained reinforcement learning. First, a safety value network based on IES
unit operation and system power flow constraints is constructed. The safety and an economic value of agent decisions are
evaluated respectively through the dynamic parallel synergy of Lagrange multipliers and an economic value network.
Second, the primal-dual approach is used to update the agent policy and Lagrange multipliers alternately to circumvent
the influence of subjective bias caused by manually set penalty coefficients in IES scheduling decisions. Additionally,
expert knowledge is leveraged to guide the training process to prevent computational resource waste due to blind
optimization. Finally, simulation case studies are carried out based on an electric-thermal coupled system to verify the safety
and efficiency of the proposed method.
This work is supported by the National Natural Science Foundation of China (No. 51977005).
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Fig. 1 Framework for IES optimal dispatch based on constrained reinforcement learning
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Table 2 Comparison of optimization results under different schemes

JG
ES [GIEENSZN CHP &A GB A BES JA BAT A
ED! 579 521.65 640 255.92 191 626.22 3.15 1411 406.94
FE2 686 698.44 486 812.67 252704.46 2.95 1426 218.52
TE3 796 110.28 346 602.74 291 885.46 2.80 1434 601.28
R 2 ATLEH: EENERELZS4 R NY 5 112 T s 7 Ma
T, FEIMBETHE1MGE2 B HE SR 1.08 :
A, FUAKE, HE3 HERTIE LAY L i e =
%2, THRLRA S BB IN T 37.37%F01 15.93%, CHP £ 100 et LAt
AN B T 45.86%F1 28.80%. iXFEW], HT F 09 :
% 52 A2 R, CHP WL S 58120, THiAR 092 e

SEHL BARAT DER 3 ) e R FLRT GB 424, T
T DR L RE AN FA R 7R SR -1l
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& 3 MK 8 ITLAE . SAckYL, & 1M
Ti R 2 WAFAE SRR I 00, 77 % 3 38A

#=3 FRIAERTHEBMILERITE
Table 3 Comparison of global optimization results

under different schemes
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E Y 3 0.026 0.066
X 0 0.015 0.045
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Fig. 8 Comparison of voltage level of node 6
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Table 4 Comparison of optimization results with

different methods
LR PHEE
ARES N . SEAT MRA/TT
7 I [E)/s 2% /p.u. AT BB/
DDPG(CJiliii iR 50i%) 0.267 0.048 1407 202.39
PPOCKJiliiT R 50i2) 0.316 0.039 1423 654.21
YNSRI 0.135 0.015 1434 601.28

K 4 ATLLEH, A SCTHE 7R i 8 R
R WAL RN, BT A LL R & SR Ar % 5
SR B AT BN (553 0.019%F1 0.007%). H1 &
11/ LAE Y, A SCEEZI 4 C I SUn B R R
FETE/N, WS N Aa. SRS, AT
HEERIER N RGeS 2 e, fFEX
BR[30TMI 4R B~ &R B 107 Ji§ = f W A

5 &Z5ig

76 H 35 5 241 IES BedliA B ) @i, {48 DRL
X} 22 AV R e AN I HURSIRE ik 2= . R oiZin]
W, ASCKRRS B H 544 DRL 5Lik45 4, $et
TR R R AL 2 ST B TR . AR R
1) Frig 77144 TES 18 B In) A i 29 R 5 K ]
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Table C1 Time-of-use electric price
- WJEQEEW/ %fﬁﬂ%ﬁ‘/
(JL/kWh)  (Jo/kWh)
7 BL(23:00—07: 00) 0.15 0.05
SEFEE(07:00—12: 00, 19:00—23: 00) 0.8 0.2
U B (12:00—19:00) 13 0.5

Fz 02 BRBIBITSH

Table C2 Operational parameters of device

e DIRTIR  ThE B/ TIeHRRE), e iR/
MW MW (MW/h) (MW/h)
CHP 0 30 -12 12
GB 0 30 -10 10
EB 0 50 -10 10
# 03 Hftha ¥
Table C3 Other parameters
2 VgD 2 BUA
Teus, 035 cmn 0.2
Penp 0.9 Csoe 0.8
Bewp 0.3 N 0.95
Mes 0.85 s 0.95
Tes 0.95 Pers 0.05

04 HEMEEM S

Table C4 Other parameters of neural network

ZH Ul
WHRE 0.2
LG B 0.05
IS 0.98
KA 256
SRS 5 5000

SE ik
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