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Fig.3 Flow chart of load probabilistic forecasting
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Table 3 Comparison of performance of average probability forecasting of different methods in different seasons

(RN Price. /% Prinw Swy
# H K & HE F o K £ HE R = ik & {H
CEDM 3.50 3.57 3.16 346 342 0.014 0.018 0.014 0.014 0.015 2.600 3.369 2.966  2.332  2.817
DDPM 2.75 568 4.10 562 4.54 0.016 0.030 0.019 0.015 0.020 2.763  5.238  3.495  2.358 = 3.464
CGAN 3.24 571 796 3.79 517 0.021 0.024 0.022 0.019 0.021 4.242  4.787  3.340  3.988  4.089
Dropout 343 9.05 999 3.86 6.58 0.031 0.041 0.033 0.030 0.034 5.377 7.672 4.685 7.054  6.197
IQLSTM 3.03 3.30 446 3.52 3.58 0.028 0.034 0.028 0.023 0.028 4.367  4.972 4599  4.721  4.665

BayesLSTM 5.08 129 649 7.02 7.87 0.057 0.065 0.061 0.048 0.058 11.513 14.819 10.425 10.441 11.800
PdeTransformer 5.65 3.73 3.99 4.68 4.51 0.023 0.023 0.023 0.022 0.023  3.445 4.758 3.887 3.386  3.869
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Table 4 Comparison of reasoning time-consuming of
different methods

Hk FENT/ms Fk FERT/ms
CEDM 696 IQLSTM 6
DDPM 441 BayesLSTM 42
CGAN 1 PdeTransformer 2
Dropout 23

#5 AESKHTHEE ML
Table 5 Model performances under
different conditions
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Short-term Load Probabilistic Forecasting Based on Conditional Enhanced Diffusion Model

LIU Jinxiang', ZHANG Jiangfeng’, DONG Shanling', LIU Meiqin"*, ZHANG Senlin"*
(1. College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China;
2. Electric Power Research Institute of State Grid Zhejiang Electric Power Co., Ltd., Hangzhou 310027, China;
3. Institute of Artificial Intelligence and Robotics, Xi’an Jiaotong University, Xi’an 710049, China;
4. Jinhua Institute of Zhejiang University, Jinhua 321036, China)

Abstract: Load probabilistic forecasting can provide guidance for power grid planning, and the conditional generation model can

effectively improve the forecasting performance by mining historical similar-day information. However, previous studies did not

pay attention to the curve shape information and the noise analysis function of unconditional models, which increased the

uncertainty of the generation curve. Therefore, a short-term load probabilistic forecasting method based on conditional enhanced

diffusion model is proposed. Firstly, an improved iTransformer daily load forecasting model is constructed to forecast the adjacent

daily load data. Secondly, a diffusion model combining multi-head self-attention mechanism and U-net is constructed using a loss

function that combines unconditional noise estimation and conditional noise estimation. Then, the daily load forecasting results and

characteristics such as temperature are used as conditional inputs. Through the reverse diffusion process of conditional enhanced

guidance, multiple sets of random noise are denoised to generate multiple load curves for probability density analysis. Finally,

based on a publicly available dataset from a region in China and comparative tests with various models, the case study analysis

demonstrates that the proposed method has higher forecasting accuracy.
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