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Abstract

Wind power forecasting is an effective means for wind farms to optimize power generation plans,
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reduce curtailment, and improve economic efficiency, with accurate wind speed prediction being the
key to precise power forecasting. This paper devotes to a forecasting framework called Deep Ensem-
ble Wind-Speed-Driven Physically-Conformal Power Forecasting Model, to obtain more accurate pre-
diction of wind power. In the first stage, an ensemble of LSTM, TCN and Transformer models stacked
by XGBoost is proposed to estimate the current wind speed. This design keeps wind-speed inputs con-
tinuous in time for multi-day rolling forecasts. Thereafter, a monotonic physical power curve relat-
ing wind speed to power is employed, with the addition of XGBoost-based residual learning. Then, the
power prediction intervals of predefined confidence can be derived based on quantile regression and
split conformal method. Experiments using actual wind farm data and comparative analyses have
shown that this model effectively improves the accuracy of wind power prediction and ensures a
more stable coverage probability. Moreover, the model can leverage this performance advantage to
directly convert the prediction intervals into warning signals for rapid power ascent and descent.
Therefore, it provides a physically consistent and engineering-usable output power prediction solu-
tion for the operation and maintenance decisions of the wind farm.
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Figure 1. Deep ensemble wind-speed-driven physically-conformal power forecasting model
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Figure 2. One-hour ramp-up and ramp-down warning decision process based on prediction
intervals
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Table 1. Influence of bin number K on DES-PCP forecasting performance
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Table 2. Evaluation metrics of DES-PCP for different forecasting horizons
7 2. DES-PCP REUA EIFUM R EIFAN 1847

Ik A] MAE RMSE WAPE (%) SMAPE (%) R?

—R 1.415 2.083 16.05 18.24 0.873
=K 2.874 5.024 15.24 18.04 0.915
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TR 2414 5916 17.08 18.69 0.923
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Figure 3. Prediction performance of DES-PCP under different forecast horizons
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Figure 4. DES-PCP model continuous rolling warning results for one week
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Table 3. Event-level evaluation results under different warning thresholds

3. TERERETHEHRITNER

LS suIE=R Bt TP FP FN Precision Recall Fl

0.67 78 64 14 1 0.821 0.984 0.895
0.87 67 59 8 6 0.881 0.908 0.894
1.0z 61 54 7 11 0.885 0.831 0.857
2.07 44 42 2 23 0.954 0.646 0.771
4.07 16 16 0 49 1.000 0.246 0.395

M3 ATRAE PSR ¢ 420 RIS IR Z A AL . 2 BRE R A 0.67 B 0.87 I, AL 74
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Table 4. Modeling methods and advantages analysis of various comparison models
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Table 5. Evaluation metrics for power forecasting results of each comparison model

5. B HERBN I RITN BT

it MAE RMSE WAPE SMAPE R?
PatchTST 3.324 4.288 37.71 59.22 0.464
TimesNet 4.089 5.194 46.39 56.39 0.213

TFT 3319 4256 37.65 48.98 0.472

N-HiTS 2.805 3.839 31.82 46.00 0.570
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Figure 5. Curves of model power forecasting results for each comparison model
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Table 6. Evaluation metrics for power forecasting results of ablation experiments
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Figure 6. Curves of power prediction results for ablation experiments
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