F46% H T
2626 202644 A5H

eh CEN IR . ¢
Proceedings of the CSEE

\Vol.46 No.7 Apr.5, 2026
©2026 Chin.Soc.for Elec.Eng.

DOI: 10.13334/j.0258-8013.pcsee.250213 3CE4RS: 0258-8013 (2026) 07-2626-14 HESHS: TM 73 STEMFFIRG: A

BANNSIFEISHmINZE: FlERES S ES

s\ 2 2, *
WO, FREL,

OB, HTX, RE

(FE A AFHAIRA RN, 7w #ERX 100192)

Out-of-distribution Generalization in Machine Learning for
Power Systems: Problem Formulation and Analysis Framework
SHANG Yuwei, WANG Siyi", GUO Jianbo, SHENG Wanxing, LIANG Ying

(China Electric Power Research Institute, Haidian District, Beijing 100192, China)

ABSTRACT: To ensure the generalization performance of
machine learning (ML) models, the statistical learning theory
typically assumes that data are independent and identically
distributed (i.i.d.). However, due to the openness of the power
systems and the dynamic evolution of actual data, data
distribution shifts may be unavoidable,
significantly ~ performance  degradationwhen
models are deployed in practical applications. This paper
tackles the problems of ML in scenarios where the training and

resulting in
well-trained

test dataset are not i.i.d., known as out-of-distribution
generalization (OODG). First, the analysis framework of the
OODG problem is established for power systems applications.
Then, through the combination of theoretical analysis and case
studies, the quantitative methods for assessing data distribution
shifts, strategies for improving and evaluating the MLs” OODG
performance, are explored. By deepening the understanding
and research of OODG, the viability and application values of
ML can be further enhanced.
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Table 3 Robustness assessment of

voltage regulation models for distribution networks
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Table 4 Calculation of the confidence level for
photovoltaic power forecasting models
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