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Federated Learning Based Coordinated Training Method of a
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Abstract: Machine learning methods have been widely used in the field of short—term load forecasting of power
systems. However, it is difficult for load operators to obtain high—performance forecasting models due to insufficient
data samples, poor model generalization ability, and high data privacy protection requirements in the application pro-
cess. In this paper, meteorological, date, and historical load are used as input features to construct a short—term load
forecasting model based on Long Short-Term Memory(LSTM). A federated learning(FL) based coordinated training
method of a short—term load forecasting model is proposed. The proposed method mainly iteratively updates model pa-
rameters through decentralized training and aggregation of centers, so as to realize cooperative construction of the pre-

diction model by all load operators under the condition of data privacy. The simulation results based on the GEF-
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Com2012 dataset show that the proposed method not only ensures the data privacy of operators but also effectively im-

proves the forecasting accuracy of the load forecasting model, and the trained model has satisfied generalization abil-

ity in multiple scenarios.
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Fig.9 Comparison of load forecast results for example 1
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Tab.4 Comparison of forecasting errors of example 1

R RMSE/KW MAPE/%
AL fE R 5702.886 273545
ARICTTIE: 4 497.550 1.975 56

Hi P9 FER 4 m AL, SR A SO O i ) 7R AR
TIE M DX 1 B50H8 BRRA B4 [ R, I 2 AR A 78 AT T
X 2 B 7 H s B i mi 7 A 4 B far 0000 0 A R
R r) Sz e, L0 b % 70 7y ot 42 B 0 30 S B giale , e
251K A, RMSE 5 MAPE 73 51| B4 T 219% #l
28%. SXRI AR SO AT S 5 T b X S AR
Srn] R (R A FRAE , 350F T AR SOy L7 58 = A
JEAF LT X7 0 A 3 ) 4RI

BHI2 LI IX S 0 8E E AT I 25 L A5 50 X
5 B gy TN AR Y, I FH %05 70 T L X5 Y 1A
0 S TN &5 SR 5 T DL M X 3 6 A b IX 5 ik AT B3 ]
YIZR, HUIZ5 A 455 780 J50 3000 b 1X S 1% 671 fir , i S
IR T 235 5 2SR AN S BT, TR 47 4e7 £ P
K10 fi s

®5 EEH2FMREI L

Tab.5 Comparison of forecasting errors of example 2

HEE Y RMSE/kW MAPE/%
B AR 1276.777 16.682 65
ARICTTI 334.015 3.33275
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Fig.10 Comparison of load forecast results for example 2
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Fig.11 Comparison of load forecast results for example 3
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Tab.6 Comparison of forecasting errors of example 3

A RMSE/KW MAPE/%
PRI 26.227 76 5.686 74
ARICTTI 21.193 93 4.360 24
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