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Abstract

To address deteriorated generalization of conventional data-driven wind
power forecasting under extreme meteorological conditions, this study devel-
ops a knowledge-enhanced XGBoost prediction framework. Physical thresh-
olds are used to divide meteorological and turbine control variables into state
labels for wind speed, temperature, yaw angle, and pitch angle. The labels
are compressed into two-dimensional numerical features and combined with
sliding window temporal features for model training. Experiments based on
the SDWPF dataset verify that embedded physical prior information mitigates
out-of-distribution prediction drift. Compared with vanilla XGBoost, the pro-
posed method reduces 1-hour MAE by 23.77% with statistical significance and
achieves evident accuracy improvement across diverse extreme weather subsets.

Key words: extreme weather events, event labels, knowledge injection,
wind power forecasting

1. Introduction. Under the background of the dual carbon goals and energy
transition, wind power is rapidly integrating into the main grid structure. How-
ever, its output is significantly affected by meteorological conditions and exhibits
typical characteristics such as randomness, intermittency, and nonlinearity [1,2].
Under the influence of extreme weather, the operating state of wind turbines often
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undergoes qualitative changes. These critical meteorological conditions cause the
wind turbine to trigger cut-out protection, power derating, or a significant change
in aerodynamic performance. These conditions specifically cover low-temperature
freezing, strong wind cut-out, high-temperature heat waves, and ramp events [3].
Although such events account for a limited proportion, they significantly elevate
the non-stationarity of power sequences, making models trained on historical sta-
tistical rules more prone to lags and deviations [4]. Therefore, accounting for
extreme weather events to improve the accuracy and robustness of wind power
forecasting is of great significance for building a resilient grid [5].

Existing wind power forecasting methods mainly include physical models,
statistical models, and data-driven models [6-8]. However, when facing extreme
weather events, such methods encounter two core technical bottlenecks. The first
is the long-tail effect of data distribution. Objective functions based on global
error minimization are often dominated by normal samples, leading the model
to sacrifice the accuracy of sparse extreme samples. The second is the multi-
modal switching of input-output mapping relationships. Under special working
conditions, the operating mechanism of the turbine is prone to qualitative changes,
causing the power response characteristics to be completely different from normal
conditions [9].

Extreme Gradient Boosting (XGBoost) uses gradient boosting trees as its core
and is widely used in short-term wind power forecasting [10]. However, traditional
XGBoost still has limitations when dealing with extreme weather problems. Its
essence is a greedy algorithm based on feature value splitting, making it difficult
to automatically capture the semantic mutations of meteorological variables under
specific physical thresholds. Therefore, solving the aforementioned generalization
challenges hinges on explicitly sensing extreme events and effectively integrating
physical-level event knowledge into the data-level regression learning process.

To this end, this study proposes an XGBoost-based model enhanced with
extreme-event knowledge features. The core academic contributions and innova-
tions of this work are as follows:

1. Targeting the multi-modal switching problem of wind turbine operation
caused by extreme weather, an explicit knowledge injection mechanism bas-
ed on physical thresholds is proposed.

2. To address the underfitting problem of long-tail distributions caused by the
scarcity of extreme event samples, a hybrid feature space combining sliding
window and event encoding is designed.

3. Multi-horizon and sub-scenario experiments on the real SDWPF [11] dataset
quantitatively proved that introducing prior physical rules can significantly
suppress the performance degradation of pure data models in out-of-distri-
bution scenarios.
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2. Proposed model. To improve the stability and generalization perfor-
mance of wind power prediction under complex meteorology, the proposed method
employs the standard XGBoost as the backbone of the regression model. Through
event segmentation, label encoding, knowledge feature injection, and an integrated
prediction pipeline, the physical state information is incorporated into the model
input.
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Fig. 1. The overall framework of the model

2.1. Overall framework of the model. As shown in Fig. 1, the proposed
model follows a sequential workflow from multi-source input data, event-based
feature construction, hybrid feature fusion, to knowledge-enhanced XGBoost pre-
diction and evaluation.

2.2. Event interval division and semantic label construction. To
address the limitations of solely relying on continuous numerical features, an event
interval division and label construction mechanism is introduced. Table 1 details
the semantic interval divisions and label mappings.

2.3. Label feature encoding and knowledge injection. To characterize
both normal fluctuations and abrupt changes in a unified framework, event label
features are introduced in knowledge-enhanced XGBoost, encoding state informa-
tion into structured semantic quantities. A 12-bit binary event code is defined for
each moment. To avoid sparsity and dimensional redundancy, this is compressed
into a 2-dimensional continuous semantic feature:

6
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Eweather = Z bz A
=1

12
(2) Econtrot = Z b; - 21271’
=7
(3) Eevent = [Eweathe'm Econtrol]
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Table 1

Semantic interval division of main physical features and label mapping

Feature Type | Feature Variable Interval Condition | Semantic Label Encode
v<2 Low wind b1
Wind speed 2<wv<15 Normal wind b
Meteorological ;a2<15_5 if«zz;lgn;v nd Zi
Ambient temperature | —5 < T, < 35 Moderate bs
Te > 35 Hot temperature bg
6] < 10° Aligned by
Yaw angle 10° < ]6] < 25° Slight misalignment | bs
0| > 25° Yaw misalignment | by
Control ‘5|< 5 Full-load bio
Average pitch angle 5° < B <10° Pitch control b1t
B8 >10° Power-limited bio

By appending Feyent to the end of the sample features, event information
is embedded into every training sample and participates in regression learning
alongside numerical features.

2.4. Wind power prediction.

Based on the fused features, the power

prediction model uses XGBoost for nonlinear regression mapping. Assuming the
model contains K trees, the overall output is:

(4)

K

i = fe(X]"N), e F

k=1

where F is the function space of all regression trees. The method minimizes the
regularized objective function:

(5)

N
Obj =" L(yi, §:)

i=1

K

k=1

+>Q(fi),

where Q(fx) is the model complexity penalty term to suppress overfitting.

3. Experiments and analysis. 3.1. Data source and overall features.

Experimental data derives from the public SDWPF dataset, containing 2020-
2021 SCADA operating data and NWP wvariables for 134 wind turbines in a
northern China wind farm, with a 30-minute time resolution. Ten key variables
were selected based on wind energy conversion mechanisms, including Wind speed
(Wepa), Wind direction angle (W), Ambient temperature (L), Nacelle tem-
perature (Iymp), Nacelle direction (Ng;r), Pitch angle (Pyp1,Pap2,Paps), Reactive
power (Pry,,) and Active power (Pyyy).
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3.2. Experimental setup and parameter configuration. To ensure re-
producible and consistent comparisons across models, we randomly select 10 wind
turbines from the original dataset for performance evaluation, rather than a sin-
gle turbine, to improve the statistical significance of experimental results. The
historical time step P = 16 (corresponding to 8 hours), and the prediction steps
T = 2,12,24,48, corresponding to the 1-hour, 6-hour, 12-hour, and 1-day predic-
tion tasks, respectively.

We configure adaptive hyperparameters for the XGBoost regressor according
to different prediction horizons. When the prediction step T' < 12, the learning
rate is set to 0.015, the maximum tree depth is 7, the subsample ratio and col-
umn sample ratio are both set to 0.85, the minimum child weight is 3, the L2
regularization coefficient is 1.0, the minimum loss reduction is 0.1, and the early
stopping round is 100. For the condition of 12 < T < 24, we adjust the maximum
tree depth to 5, the column sample ratio to 0.70, the minimum child weight to
5 and the L2 regularization coefficient to 5.0 while keeping the learning rate un-
changed. For long-term prediction with 7" > 24, we further reduce the learning
rate to 0.010, the maximum tree depth to 3, the subsample ratio to 0.70 and the
column sample ratio to 0.50, and increase the minimum child weight to 15, the
L2 regularization coefficient to 15.0, the minimum loss reduction to 1.0 and the
early stopping round to 200.

Furthermore, this work divides the extreme scenarios into four basic events:
high temperature, low temperature, strong wind and weak wind, and further
constructs a coupled event with simultaneous triggering of wind speed and tem-
perature to characterize the superposition effect of multiple factors.

3.3. Experimental metrics and baseline methods. To comprehensively
evaluate the model performance, two metrics, Mean Absolute Error (MAE) and
Mean Squared Error (MSE), are adopted:

N
1 .
(6) MAE = =% |yi — i
i=1
1 N
(7) MSE = > (yi — ;).
=1

3.3.1. Full-sample prediction. Table 2 reveals that all baseline models pro-
duce statistically significant larger prediction errors. Compared with standard
XGBoost, the proposed model reduces one-hour MAE by 23.77% and one-day
MSE by 0.24%.

3.3.2. Prediction under extreme meteorological scenarios. As demonstrated
by the quantitative results in Table 3, our model exhibits superior forecasting ro-
bustness and accuracy across various extreme meteorological conditions, includ-
ing strong winds, abnormal temperatures, and multiple factor coupled scenarios,
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because its knowledge injection mechanism explicitly incorporates physical oper-
ational boundaries to effectively overcome the out of distribution generalization
failures typical of traditional pure numerical fitting models.

4. Conclusions. To improve wind power forecasting accuracy under complex
meteorological conditions, this work proposes an XGBoost-based model enhanced
with extreme-event knowledge features. By preserving time dependencies through
sliding windows and explicitly mapping critical physical states into event labels,
our model effectively bridges data-driven capabilities with physical operational
logic. Experiments on the SDWPF dataset verified its superiority, notably show-
ing significant error reductions and enhanced robustness across normal operation,
extreme weather events, and complex multi-factor coupled scenarios. Future work
will refine event libraries and introduce adaptive weighting mechanisms for varied
disturbance magnitudes.
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