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Offshore Wind Power Forecasting Under Extreme Weather Based on Pre-trained
Time-series Foundation Model

LI Shaofeng', SHEN Xiaodong!, LIU Junyong!, FAN Shixiong?
(1. School of Electrical Engineering, Sichuan University, Chengdu 610065, China;
2. China Electric Power Research Institute, Beijing 100192, China)

Abstract: Wind power sequences under extreme weather conditions exhibit strong non-stationarity and abrupt variation
characteristics. Meanwhile, the scarcity of historical samples makes it difficult for traditional deep learning methods to be
fully trained, leading to a significant decline in prediction accuracy. To address this issue, this paper proposes a two-phase
adaptive forecasting framework based on a pre-trained time-series foundation model, termed the Typhoon two-phase
adaptive prediction model (TTPAPM). First, a typhoon adaptation module is designed to separately represent the periodic
components and abrupt disturbance components of the input sequence, thereby enhancing the model’s perception capabil-
ity for abnormal meteorological features. Then, the two types of features are concatenated and fused before being fed into
the pre-trained time-series foundation model to achieve hourly-scale power prediction. Finally, a two-stage hybrid opti-
mization strategy is introduced to effectively correct the data distribution shift caused by extreme weather through
targeted calibration of both regular and typhoon distributions. The results show that: 1) The proposed method can be used
to effectively solve the problems of the modeling difficulty caused by sample scarcity under typhoon conditions, and
compared with the best baseline model, the coefficient of determination (R?) under regular weather and typhoon weather
is improved by 10.5% and 3.5%, respectively; 2) Under the zero-shot setting, the prediction accuracy under regular and
typhoon weather reaches 0.85 and 0.71, respectively, indicating good transfer ability and prediction stability; 3) In terms
of computational resources, the memory consumption is significantly lower than that of the baseline models. This study
can provide an effective reference for applying time-series foundation models to wind power prediction under extreme
weather scenarios.

Key words: wind power forecasting; typhoon weather; TTPAPM; zero-shot capability; time series foundation model
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Table 3 Performance comparison of supplementary forecast-
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Table 4 Zero-shot forecasting results
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Table 5 Comparison of evaluation metrics in ablation
experiments
RAKA T E eMAE/% ermse/%o Ep,
TTPAPM 0.55 0.87 0.95
i 2.35 3.27 0.35
ii 2.77 3.02 0.47
HRIRA
iii 2.67 3.53 0.28
iv 3.12 4.14 0.01
v 2.55 3.61 0.25
TTPAPM 0.89 1.32 0.89
i 1.72 2.06 0.75
ii 1.83 2.20 0.72
=P Sat
il 2.68 3.99 0.09
iv 2.10 2.72 0.57
\% 1.50 1.82 0.81
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Table 6 Comparison results of efficiency experiments
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