Modeling and Simulation B 51{5H, 2025, 14(4), 1023-1035 Hans X
Published Online April 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.144351

ETaSEAE IMLARER T aHA S o )

BB, FEHY
LTRSS, L
° LI TR AR, L

Weks H . 20254F3 280 A EM: 20254F4H21H; KA HM: 20254F429H

=

Xt i R AR (LAVER THIERFASHEERRN BB, 23CRE—FM3iA B %] (DFL) 5 KEHHIE
2% (LSTM) R A& BB A AT T v . Bk, RE—MKIEENE W T RMBHLE, PLRRmM
MAESHARSSAHTN, WEBEZS4HEDRESRE, SINFAPHRESISLAR, MIALAKE s
W, BSLAHBHKEIAILIZNEEE . &5 & EIABH % (DFL), il $HE AR AR ELS T, B
RABG P ) B, RS ALRE S SRR, MG ES], AXHEEIMGRMRE
FSEHRMSERZE EiR/b31.2%, MAPERZ[EK41.2%, N&HKBD21.7%, YIS HE%29.6%,
ERIES A R AHBEREA R EER, #BA TEAKTEE, BB ERNLTHME.

XA
FARAT, LSTMAERR, TR, AN, SR FEIHE

Short-Term Load Forecasting in LA Mode
Based on Dynamic Federated Learning

Zheng Gu?, Junxiang Li1.2*

1Business School, University of Shanghai for Science and Technology, Shanghai
2School of Intelligent Emergency Management, University of Shanghai for Science and Technology, Shanghai

Received: Mar. 28", 2025; accepted: Apr. 21%, 2025; published: Apr. 29", 2025

Abstract

In response to the challenges of data privacy and insufficient samples in the Load Aggregator (LA)
model, this paper proposes a short-term load forecasting method that integrates Dynamic Feder-
ated Learning (DFL) and Long Short-Term Memory (LSTM) networks. First, a demand response
mechanism based on electricity price contracts is proposed, which participates in load forecasting
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through demand response signals, constructs a multi-dimensional DR signal model, introduces dy-
namic constraints on user satisfaction, and optimizes the LA revenue target. Second, a local Long
Short-Term Memory network model is established. Finally, Dynamic Federated Learning (DFL) is
designed to replace the traditional average federated learning algorithm through data distribution-
aware weight allocation, enhancing the model’s generalization ability. Experiments show that, com-
pared to traditional federated learning, the proposed method reduces the average RMSE error by
31.2%, the MAPE error by 41.2%, the number of training rounds by 21.7%, and the training time by
29.6% across three scenario tests, while ensuring data privacy for each load aggregator and im-
proving the model’s forecasting accuracy, demonstrating greater practicality.

Keywords

Load Aggregators, LSTM Model, Demand Response, Short-Term Load Forecasting, Dynamic
Federated Learning Algorithms

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

B AR O] AR REVE R FBE R D RGN L H 2 3, H ) RGN S I O R AR S S i LA
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i g YR T SR B A TR R P 0 EAT R, JCIORAE H ) TR R R T Bl R BT, T AR
H N FEL RSB AT g, AR . B H AT R T AL TP B B, R T B0R 4 B 5 T DR
PR GRIA L, Hinfilk DR BISALTE 7 BIEAC 5 B R FL K, Sy — P e REFE it
M 57 PR 8 8 AR A B A1, T2 A2 F ) T I B AR 23R [2] o 75 22 747 B A 7 (Load Aggregator, LA) 2 5 75 5Kl
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F P 2T T R S B, SEBU P St R (5] R10, BT E AW AAE KRR P&, X
AR RIS R, T 7ECRUEF P BRRA R T EE T AT AT TRNAN RS, BN T — /N A e ik
fi%[6] -
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Figure 1. DR mechanism based on LA mode
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Figure 2. DR mechanism based on LA mode
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Figure 3. Comparison of load forecast results for region 1
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Table 1. RMSE (kW) comparison
%% 1. RMSE (kW)xttk

X £ LSTM FedAvg DFL
1 351.1813 172.9268 145.0540
2 890.2984 504.4327 306.7956
3 1133.1096 773.6775 500.1387
4 2591.5062 1348.7641 977.9310
5 750.1747 631.5976 434.3824
Table 2. MAPE (%) comparison
%z 2. MAPE (%)3ttt
HIX £ LSTM FedAvg DFL
1 4.046 2.712 2.529
2 3.774 2.567 1.472
3 5.039 3.845 2.281
4 6.142 3.926 2.254
5 3.263 2.361 1.315
Table 3. Training rounds comparison
3= 3. GEIRIIEE
Hb X EF K LSTM FedAvg DFL
1 25 18 16
2 24 21 16
3 23 20 15
4 23 19 16
5 24 18 15
Table 4. Comparison of training times
= 4. AR EXTEE
HhIX FedAvg DFL
1 190s 145
2 218s 143s
3 206 s 136s
4 185s 147s
5 178s 131s
IR 1) 997 s 702's

M 4~8 FTLAE H, MEET R LSTM 77723 FedAvg J5 1% 4 3048 FH (1) DFL-LSTM J59%, £ i
i1 25 Fp S B A7 phT S TR 45 R 2= BE R IR AR N T 1. £ 2 M RENY, X YT,
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