CI N
ACTA ELECTRONICA SINICA

R T 2 e A > B9 IRy o3 5 1%

L BREEE,ELNL BRI AR, A AE B!
(1. WSR2 SHOR R A5 100084 ;2. AU B e TR A R |, L 5T 1022005
3. PR SEILAERE B EE KVD 410083)

WOE: Ak, &IRTTRERR IR R BT R B a5 K S TOR R R R AE R R R S Tl s i
Fo A TR B W38 47 28 A AN T RE TRA 2 SR, A fn] i 000 AR 7 000 A el ) Sy AR AR G Ry o, SRTTTERA ik 2
W 1 SR P AN A R 2 T R A A B rh A A TR B B AR e i IR AR BB ey (fep ) {5 8., 8 R 302, 34
TS5 RAFAE N 22 o AR SCER R ST 280 B AR b7 > A R Aaf 73 B8 57k SoLED , e T FH P 22 1] 2 2 b 2 i O 3
FEREFTAN AL, LA K A7 fnf 5 560K e TR A B R 40 8 2 B0 T s 22 ) [ B . ELAR b, AR SCR S BT T — Bl AR AiE SR EUR
e, REMSA R A S A 0 S R R A AR, TR T X6 e I s P R R ek RE o ARG, SEF R B
FL, DO 235 ) ) i 5 L P DR PR 5, 30 3 ) L B 5 PP RO R e P R AE o 28 () G R AR . ) L R T I T2 B A
A2 2T R A 43 B ik , R A LI A IR S5 SR I R ARS8 | i e T R o 8 TR S S0 SR AN T B [ A,
I L SR AN SEBR 2R GG UE , A SCHE Y B O TR A8 PR A S0 R I B S B A R R TR R AR A T M B ik A il 42
T 5.7%~24.6% 1 6.6%~24.2% MIUERH o XITHES T W], 32 1 00 7 ik RENE MERA M D R A st e 7 I P 2 ) &2
ZRI A R OC R ABRE AL, LB A fnr 500k K B R A SR R 2 B8 B0 TR0 25 1) )

K BRI RS B A RRAE AR A2 5 sk am o] s 2 ARG Ak 2% 2T 5 IR far

ELWB: PEETFESENRMFLIN(N0.2024-02) ; [ 5K H IABMHF# 3L 4 (No.62432004, No.62402279 ) ; ZLF
“HA 52 SCERR BT (No.JYB2025XDXM 122) ; [ ¢ 58 B4 J5 F98 A 53R (No.BX20250375) 5 -1 J5 B
FH 4 (No.2025M771503)

hE 4RSS TP39;TM715 XEAFRIRAD: A XEHRS: 0372-2112(XXXX)XX-0001-13

B F 54§ URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20260338

Source-Load Separation Method Based on Multi-Agent Reinforcement
Learning

HUA Xingyuan', DUAN Sijing", CUI Wenpeng’, CHEN Yuzhe’, YANG Qingchen®, QIAO Nan’, REN Ju'
(1. Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China;
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Abstract: In recent years, the growing demand for global sustainable energy development has accelerated the deploy-
ment of photovoltaic (PV) systems across residential, commercial, and industrial sectors. To ensure the safe operation of
power grids and improve energy dispatch efficiency, accurately forecasting user-side power load variations has been increas-
ingly critical. However, existing methods often overlook that the data collected from user-side smart meters typically con-
tain both PV generation (source) and power consumption (load) components, which are not effectively separated, leading to
biased prediction results. To address this issue, this paper proposes a multi-agent reinforcement learning-based source-load
decoupling method, namely SoLED, that mitigates prediction bias caused by the unseparated mixed data of load and PV
generation, as well as insufficient modeling of complex spatiotemporal dependencies among users. Specifically, we first de-
sign a feature extraction module to capture both short-term and long-term variations in user load, thereby enhancing the rep-
resentation of spatiotemporal characteristics within the power grid. Then, based on the physical topology of the grid, we con-
struct a simulation environment that models voltage responses under different load and PV power conditions. Finally, lever-
aging the feedback generated from this simulation, we train a decoupling model within a multi-agent reinforcement learning
framework to achieve accurate source-load separation. Experimental results demonstrate that the proposed method improves
prediction accuracy by 5.7%~24.6% and 6.6%~24.2% under different weather conditions on two real-world urban power

grid datasets. These results confirm the effectiveness of the proposed approach in accurately decoupling user-side mixed
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power data and enhancing the modeling capability of complex spatiotemporal dependencies, thereby reducing the prediction

bias in user-side load forecasting.
Keywords:
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learning; multi-agent reinforcement learning; source-load decoupling
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Figure 1~ Overall framework diagram of source-load separation based on

multi-agent reinforcement learning
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Figure 2 The overall framework diagram of the power grid feature extraction module
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Figure 3 A schematic diagram of the topological structure of the power grid in a certain village in our country
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Table 1  Comparison experiment results of the 2024Q3 and 2025Q2
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Table 2 The ablation results of each component of the 2024Q3 and
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Table 3 The influence of learning rates in the 2024Q3 and 2025Q2
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Table 4 The impact of number of proto in the 2024Q3 and 202502
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Table 5 The impact of discount in the 2024Q3 and 202502

202403 2025(2
YrnHE-F
RMSE MAFE RMSE RMSE
0.9 8.5205 6.8269 7.601 0 8.093 1
0.95 71377 6.676 3 6.980 1 6.413 4
0.99 6.9512 6.4478 6.859 8 6.290 0
0.995 72353 72756 7.745 6 7.1749
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Figure 6 The impact of missing data in the 2024Q3 and 202502 datasets
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Figure 9 The schematic diagram of the actual deployment of the regula-

tion model in the smart electricity meter terminal
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