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Abstract: Aiming at the non—stationarity and cyclical boundary confusion in high—dimensional SCADA
data of wind turbines, this paper proposes a deep regression framework ( PeriodicEmbed+MLP ) integrating
learnable periodic numerical feature embeddings. A five—stage anomaly cleaning pipeline, trigonometric cyclical
encoding, and sliding—window turbulence features construct a 33—dimensional predictor system. The core model
maps 33—dimensional physical inputs to a 1056—dimensional high—frequency feature space via parameterized
sinusoidal frequency embedding, with a Sigmoid output constraint ensuring physical consistency. On the Kaggle
wind turbine SCADA dataset ( T1, 49,148 valid samples ) , PeriodicEmbed+MLP achieves 15.4% RMSE reduction
(119.58 — 101.16 kW ) and 18.2% MAE reduction ( 76.88 — 62.90 kW ) versus XGBoost, with R’=0.963.
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