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based on CGAN
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Fig. 5 Comparison of forecasting results for different
forecasting models
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Table 4 Comparison of forecasting error and accuracy in different seasons

s K%

®E 4% EEREoL]

+ﬁﬂ yMAE/ jl{MSE/ ny\/ yMAE/ yRMSE/ yFA/

yMAAE/ jl{MSE/ )71-\\/
MW MW % MW MW % MW

yMJ\E/ yliMSE/ yFA/ yMAE/ yR.\/ISE/ 5/}\\/
MW % MW MW % MW MW %

CGAN

224.36 241.27 97.73 214.52 231.57 97.80 202.58 214.8 97.96 231.56 248.47 97.77 218.26 234.03 97.82
BP 468.52 485.93 95.78 437.38 453.26 96.03 462.75
LSTM M4 316.26 339.34 97.06 328.63 345.16 96.82 331.47
SVR 401.34 417.17 96.57 421.85 436.83 96.49 431.71
LR 628.12 644.14 93.75 637.45 653.23 93.65 624.36
ARIMA 563.81 578.14 94.27 548.37 565.91 94.30 541.52

479.37 95.80 453.82 471.05 95.98 455.61 472.40 95.90
349.98 96.78 342.73 358.04 96.73 329.77 348.13 96.85
446.27 96.27 413.74 429.87 96.42 417.16 432.54 96.44
638.54 93.79 618.51 635.11 93.87 627.11 642.76 93.76
558.37 94.32 548.36 559.21 94.34 550.52 565.41 94.31
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Table 5 Comparison of forecasting error and accuracy for different models in holidays

20184E11 A 22 H

20184E 12 A 24 H

20184E12 A 25 H

e YA/ MW yruse/ MW yea/ 28 ywae/ MW ypyse/ MW yea /% Y/ MW yeuse/ MW yia/ %
CGAN 208.63 225.51 97.73 189.63 205.89 98.06 224.56 241.52 97.62
BP 489.27 502.92 95.70 447.29 461.53 95.87 452.36 471.38 96.11

LSTM % % 351.91 368.37 96.83 320.80 336.84 96.84 337.17 354.54 96.64
SVR 385.71 402.31 96.67 416.58 433.25 96.37 405.58 421.07 96.48

LR 615.36 637.03 93.98 643.25 656.17 93.57 617.45 632.93 93.87
ARIMA 505.72 518.94 94.69 570.32 586.91 94.10 542.64 558.68 94.39
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Short-term Load Forecasting Based on Conditional Generative Adversarial Network

LIN Shan, WANG Hong, QI Linhai, FENG Hanyu, SU Ying
(School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: Accurate short-term load forecasting is of great significance for power systems to formulate rational production plans,
improve economic benefits, and ensure safe operation of power grids. In order to learn the hidden deep relationship in nonlinear
load data and improve the accuracy of the short-term load forecasting, this paper proposes a short-term load forecasting model
based on the conditional generative adversarial network. This model uses the convolutional neural network to construct a generative
model and a discriminant model, which takes load influencing factors as conditions, and introduces a feature loss function as the
loss function of some hidden layers in the discriminant model. Through the game training of the conditional generative adversarial
network, the generative model takes the load influencing factors as the conditions to generate the forecasting load data, and then
performs short-term load forecasting. Finally, taking the three-year load in a certain area of the United States as a practical
example, the forecasting results of the proposed model are compared with other models. It is verified that the proposed model can
improve the accuracy of the short-term load forecasting while considering the generalization ability.

Key words: conditional generative adversarial network; load data; short-term load forecasting; convolutional neural network
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