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Abstract

Given wind energy’s growing significance in the world’s energy structure, the demand
for high-precision forecasting is more urgent than ever. However, wind power’s inherent
non-stationarity is linked to complex and variable meteorological conditions, which pose
significant challenges for accurate forecasting. The accuracy of short-term wind power
forecasts hinges on estimated future wind speed. Systematic biases often degrade the
accuracy of Weather Research and Forecasting (WRF) forecasts. A hybrid LSTM-LightGBM
correction model is proposed to correct the WRF wind speed bias. The wind correction
model significantly reduces the systematic wind speed bias in the WRF model and achieves
a notable reduction in RMSE across the entire wind speed range, with the highest RMSE
decreasing by 7%. A new physics-guided and deep learning-integrated model is designed
for 24 h short-term wind power forecasting, which integrates physical laws with data-driven
features, effectively alleviating the “black-box” problem of purely data-driven models and
making prediction results more consistent with engineering practice. The model’s predicted
wind power has an MAE of 103.94 kW and an R? of 0.9853, demonstrating superior
prediction capability. The results provide reliable technical support for the real-time
scheduling of wind farms and support the reliable, stable operation of the power system.

Keywords: wind power forecasting; short-term prediction; deep learning; permutation
feature importance

1. Introduction

Wind energy is a highly promising source for large-scale development and commer-
cialization. In the context of accelerating the global energy transformation toward green
and low-carbon development, wind energy has gradually become a major pillar of electric-
ity supply in a new-type power system. Conversely, the inherent instability, uncertainty,
and volatility of wind energy bring great challenges for the secure and stable operation of
power systems [1]. Precise wind power prediction can be applied for careful scheduling
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of equipment maintenance, efficient utilization of conventional electricity generation, and
improvement of overall reliability of the power grid [2].

The precision of short-term wind power forecasting relies on the accurate estimation
of future wind speed [3]. Currently, Numerical Weather Prediction (NWP) models, which
numerically resolve the fundamental equations of atmospheric motion to provide forecasts
of meteorological element fields from hours to days ahead [4], have become the primary
data source for short-term wind power prediction [5-8]. Given its open-source availability,
flexible configuration, and strong support for high-resolution nested numerical simulations,
the WRF model has been widely adopted in the practical wind speed forecasting opera-
tions [9]. A conventional technical strategy integrates the high spatiotemporal resolution
wind speed outputs from WRF with turbine power curves or data-driven mapping models
to predict future wind power.

However, wind speed forecasts from the WRF model inevitably contain errors. These
errors are primarily from the following sources: uncertainties from the initial and boundary
conditions derived from the global models [10]; limitations in the approximate represen-
tation of sub-grid-scale processes by physical parameterization schemes (e.g., planetary
boundary layer, microphysical processes, cumulus convection parameterization) [11]; the
limited model resolution, which struggles to fully resolve complex terrain and surface het-
erogeneity [12]; and interpolation biases introduced when extrapolating model-level winds
to the turbine hub height [13]. Since the wind power varies approximately as the cube of
wind speed, errors in wind speed are nonlinearly magnified in wind power predictions,
making the precision of wind speed predictions a key bottleneck in prediction accuracy.

There has been a large amount of research concerning statistical/machine learning
techniques for enhancing the precision of wind speed predictions from numerical weather
models. Model Output Statistics and Kalman Filtering is the early statistical methods,
which both establish linear statistical relationships to correct for systematic bias; they do,
however, have limited capability in capturing nonlinear features of the data [14]. Other
machine learning-based techniques such as Support Vector Machines (SVMs) [15], Random
Forests (RFs) [16], XGBoost [17] and LightGBM [18] have had great success in improving the
accuracy of temperature forecasts made with numeric model simulations. Recently, deep
learning technologies have demonstrated their capacity to capture sequential dependencies.
Recurrent neural networks (RNNs) [19], Gated Recurrent Unit (GRU) [20], Long Short-
Term Memory (LSTM) [21], and Bidirectional Long Short-Term Memory (BiLSTM) [5]
serve as the main architectures for their capacity to learn long-term dependencies within
time series, and the introduction of attention mechanisms has improved the performance
of corrections [22]. Given that wind speed data exhibit non-stationary behavior, signal
decomposition techniques are commonly applied at the stage of data preprocessing. These
techniques include Empirical Mode Decomposition (EMD) [23], Ensemble Empirical Mode
Decomposition (EEMD) [24], Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise (CEEMDAN) [25], and Variational Mode Decomposition (VMD) [26]. Some
advanced hybrid frameworks use a “decomposition-clustering-matching” approach [3].
This involves breaking down the error series using CEEMDAN or VMD. After this, deep
learning models are used to predict the trend component. At the same time, the non-
stationary fluctuation component is analyzed using a combination of feature extraction and
cluster analysis [27].

The Wind power prediction models have also transitioned from using basic ML tech-
niques (such as Artificial Neural Networks (ANNSs) [28] and Support Vector Regression
(SVR) [29] to using more sophisticated algorithms (e.g., Hybrid Convolutional Neural
Network—Long-Short Term Memory networks (CNN-LSTM) [30]), which can represent
both spatial and temporal dependencies and then to using the latest Graph Neural Net-
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works (GNNSs) algorithm [31], which can model spatial topological relationships. The
Transformer model [32] with strong global dependency modeling capabilities has been
employed in wind power forecasting. Currently, hybrid models that incorporate signal de-
composition, feature engineering, optimization techniques and deep learning have become
mainstream methods.

Although substantial progress has been made in research on the correction of wind
speeds and the forecasting of wind power, there are still certain limitations in the current
studies. Most data-driven models rely heavily on manual feature engineering [33], and the
models themselves are often “black box” structures, failing to fully integrate the physical
mechanisms that cause forecast errors [34]. These issues can result in biases in wind
power forecasting, and the generalizability and robustness of the model still require further
enhancement. To tackle these challenges, this study first develops a hybrid artificial
intelligence model for wind speed correction. The model integrates the advantages of
LSTM and LightGBM, while introducing physical constraints and smoothing strategies to
effectively mitigate systematic biases in the WRF model. Then, the corrected wind speed
series are input into the physics-guided deep learning model for wind power forecasting.
The model incorporates physically meaningful variables derived from the physics of
wind power generation, rather than solely relying on conventional data-driven inputs, to
enhance predictive performance and physical interpretability. In addition, we conduct
comprehensive comparative experiments and ablation studies to evaluate the contribution
of each component in the model. In the meantime, the permutation feature importance
and physical coefficient uncertainty analysis are employed to explore the internal learning
behavior of the proposed framework and evaluate its reliability from the perspective of
physical consistency.

2. Materials and Methods
2.1. Data and Preprocessing

To validate the performance of the proposed model, a dataset of wind speed obser-
vations with 15 min intervals and the corresponding wind power output from a wind
farm located in Jiangsu Province, China (121.6033° E, 32.6467° N) was collected in 2024.
The wind turbines of this farm have a rated power of 4000 kW, a hub height of 100 m, a
cut-in wind speed of 4 m/s, a rated wind speed of 12 m/s, and a cut-out wind speed of
25 m/s. Data loss often happens during the operational phase of wind turbines, primarily
due to equipment failures, maintenance activities, and other related reasons. Meanwhile,
environmental parameters such as temperature, humidity, and atmospheric pressure, and
the status of the equipment can also cause deviation of the wind speed-power conversion
characteristic of the turbines from the ideal curve. The accuracy and integrity of data are the
basis for improving the reliability of wind power prediction. Therefore, this study conducts
preprocessing on wind speed and wind power data to effectively eliminate abnormal data.

The implementation rules (Equation (1)) for data cleaning are as follows: wind power
P is set to zero for wind speeds below cut-in or above cut-out. For wind speeds between
cut-in and rated, wind power remains unchanged. Between rated and cut-out, wind power
is capped at the rated level, representing full load operation. The cleaned wind speed-wind
power curve is shown in Figure 1. There are some clearly abnormal data points: for instance,
when the wind speed is between 5 and 15 m/s, some power values are lower than expected
and clearly deviate from the theoretical curve. The interquartile range (IQR) method is also
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adopted in this study to identify abnormal data. The principle of the data cleaning method
is graphically illustrated in Figure 2.

p Ucyt—in < U < Upgted
P = Prated  Urgted < U < Ucyt—out (1)
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Figure 1. Distribution of normal (green) and abnormal (red) points identified by the Interquartile
Range (IQR) Method.
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Figure 2. Schematic diagram of the quartile method for data cleaning (not to scale).

All data preprocessing, feature calculation and subsequent deep learning modeling
algorithms in this paper are fully implemented based on Python 3.10.19. Core libraries
including NumPy 2.2.6, Pandas 2.3.3, Scikit-learn 1.7.1, Matplotlib 3.10.8 and Seaborn 0.13.2
are used for data manipulation and statistical visualization, while TensorFlow 2.10 with
Keras APl is adopted to build and train the physics-informed prediction model. All numeri-
cal experiments are conducted on a workstation equipped with an NVIDIA RTX 4080 GPU,
and fixed random seeds are configured in the code to ensure experimental reproducibility.

Unlike the Z-score method [35], which is computed from the mean and standard
deviation, the IQR method relies on the quartiles of the data [36]. Because it is not affected
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by extreme values, this method is more robust. Specifically, for each wind speed range,
the first quartile (Q1, 25th percentile) and third quartile (Q3, 75th percentile) of the wind
power values are calculated, and the IQR is then found using the formula IQR = Q3 — Q1.
Subsequently, the range of valid data is defined as [Q1 — k IQR, Q3 + k IQR]. To maintain
rigorous data preprocessing criteria, a coefficient of k = 1.5 is utilized in this research.

This method is particularly suitable for processing datasets that may have a skewed
distribution or be disturbed by potential outliers. With an overall outlier rate of only
3.18%, it indicates that the original data is of high quality. Moreover, the cleaning rules
not only accurately eliminate outliers but also avoid data loss caused by over-screening,
thereby providing high-quality data for subsequent wind speed correction and wind
power prediction.

2.2. Wind Speed Correction Model

The WRF model [9] is a numerical weather prediction model for mesoscale weather
systems, designed for simulation and real-time forecasting. The WRF model is entirely
compressible and non-hydrostatic. The Arakawa C-grid serves as its grid staggering, and
the vertical coordinate is a hydrostatic pressure coordinate that follows the topography. The
Runge-Kutta 2nd and 3rd order temporal integration schemes, as well as 2nd to 6th order
advection schemes, are used in both horizontal and vertical directions by the WRF model.
As a popular NWP model, the WRF model is appropriate for weather studies spanning
from a few meters to thousands of kilometers. Thus, the current study used the WRF model
to estimate wind speed as an input to the wind power model.

This study proposes a hybrid wind speed correction model (shown in Figure 3) based
on a combination of LSTM and LightGBM, aiming to correct biases in wind speed outputs
from the WRF model. The correction model first takes 100 m WREF forecasts of the wind
speed, air temperature, relative humidity, and pressure, together with the wind speed
forecast error from the previous time step, as input. The target is the WRF wind speed
forecast error at the current time step. After all the features are normalized using Min-
MaxScaler, they are input into a double-layer LSTM network with a sliding window of
96-time steps (corresponding to 15 min interval data over 24 h). The two-layer LSTM
contains 64 and 32 hidden units, respectively, both employing the tanh activation function,
followed by a 20% dropout layer to prevent overfitting. The main advantage of LSTM lies
in that it can selectively memorize or discard historical information, thereby effectively
capturing long-range temporal dependencies in meteorological variables. This property is
particularly suitable for wind speed forecast error correction, as forecast errors typically
exhibit persistence associated with the evolution of weather systems. The preliminary
corrected wind speed is derived by incorporating the wind speed error predicted by LSTM
to the original WREF forecast.

The refined wind speed correction is achieved by feeding a comprehensive set of
features into a LightGBM model. The basic features include the LSTM-corrected wind
speed, the original WRF wind speed, and their difference, along with the WRF forecasts of
air temperature, relative humidity, and pressure. Temporal features such as cosine/sine
components of forecast time, day of the week, and month are also included to capture
diurnal and seasonal patterns. Lagged features cover residuals and LSTM-corrected wind
speeds at lags of 1, 2, 3, 4, 6, 12, and 24-time steps. Rolling statistics include the mean and
standard deviation of residuals, as well as the mean of LSTM-corrected values, calculated
over window sizes of 4, 12, 24, and 48-time steps. Difference features include first- and
fourth-order differences in the LSTM-corrected wind speed, along with the first-order
difference in the raw WRF wind speed forecast. The interaction features constructed in
this study encompass air temperature, humidity, the wind speed-to-temperature ratio, and
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atmospheric pressure anomalies. Additionally, a residual trend feature is introduced to
characterize long-term directional variations in the underlying data.

Input Layer Stage 1 Stage 3
—_— Stage 2

Output Layer

(R
LSTM Error Correction

WRF Forecast Savitzky-Golay
(u, T,RH, P) i LightGBM Smoothing Final Corrected
+ Previous Layer:64 units _’®_' Regressor ®_' + Physical Wind Speed
Error (lag1) Dropc.)ut 02 Constraints
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I
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Feature Engineering:
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rend, Time Encoding

Figure 3. The framework for the hybrid LSTM-LightGBM wind speed correction model.

A Savitzky-Golay (SG) filter [37] with a window size of 11-time steps and a second-
order polynomial is employed to smooth the outputs of the LightGBM model. By perform-
ing local polynomial least-squares fitting, the SG filter effectively attenuates high-frequency
noise while retaining the peak characteristics of wind speed variations. Concurrently, a
non-negativity constraint is introduced to guarantee the physical rationality of the corrected
wind speed, thereby generating the final refined wind speed series.

2.3. Wind Power Model

Wind power generation essentially constitutes a conversion process from wind energy
to mechanical energy and subsequently to electrical energy. The wind power available at the
turbine aerodynamics level flowing through the rotor swept area is usually expressed based
on the actuator-disk theory and the Betz-Joukowsky theory [38,39]. The corresponding
expression can be expressed as follows:

1
Paing = 51> A @

where p is the air density (kg/ m3), u is wind speed (m/s), and A is the rotor swept area
(m?). But only a fraction of the available wind power can be turned into useful output
from turbines. The actual aerodynamic power extracted by the turbine is thus usually
characterized by introducing the power coefficient C,, [38,39]:

1 3
P = Epu ACy 3)

where Cy, is the aerodynamic conversion efficiency that depends on turbine operating and
design conditions, in particular the tip-speed ratio and blade pitch angle [39].

The wind power forecasting model further relates air density to easily obtainable
meteorological parameters using the ideal gas law, forming a computable physical feature
term. When wind speed increases sharply (positive ramp), the pitch system of the wind
turbine will act to protect the generator, resulting in a delayed response in the growth
of actual power. By introducing the power ramp rate A(pu?), the model can learn the
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dynamic response of such a physical system. Additionally, the rate of change in wind speed
(acceleration) influences wind power response speed due to rotor inertia [40], for which a
corresponding correction term fli—”t’ is introduced. Ultimately, a learnable physical correction
module is established. The model’s final prediction output consists of a deep learning base

prediction and a physics-informed correction, represented mathematically as follows:

R du
P = Pygge + (w101° + w2A (o) + w3-7) (4)

In Equation (4), Py,s, represents the base power prediction from the deep learning
component. The variables wq, wy, and w3 are adjustable weights related to physical charac-
teristics, which serve to regulate the impact of physical priors in relation to data-driven
features, thereby mitigating potential prediction inaccuracies from the failure of physical
assumptions during periods of extreme weather. For the parameter initialization, we set the
initial values of w1y, wy, and w3 to a constant of 0.8. The optimization is initiated from a fixed
starting point, ensuring the optimization starts from a physically plausible range consistent
with the wind farm aerodynamic characteristics. During model training, all three learnable
weights are constrained by non-negative kernel constraints to meet strict physical boundary
conditions. Moreover, the optimizer employs gradient clipping with a norm threshold of 0.5
to prevent excessively large parameter updates, which results in more stable convergence of
the physical coefficients. We train an ensemble of five models with different random seeds
to test the robustness of the learned physical weights. This integrated approach guarantees
the model’s physical soundness under typical operating conditions while preserving the
adaptability of data-driven techniques for atypical scenarios.

A physics-guided and deep learning-integrated wind power forecasting model is
proposed in this study, which is based on a dual-branch encoding—decoding correction
framework (Figure 4). This model can achieve efficient multi-scale information utilization
through the parallel processing and cross-fusion of historical and future sequence branches.
The historical sequence branch processes the past 72 h data (observed wind speed, wind
power, cubic wind speed, wind speed change, wind power change, and the standard
deviation of wind speed over the past four time steps). A masking layer is first used to
filter out the interference of missing values. A two-layer bidirectional GRU network is then
employed. GRU simplifies the gating structure compared to LSTM, reducing computation
while retaining the capability to learn long-term temporal dependencies. The bidirectional
design simultaneously captures trend changes from the past to the present and from the
present back to the past. A fully connected layer will compress the features to 64 dimensions
for subsequent fusion. The future sequence branch processes the future 24 h NWP data
(corrected wind speed, forecast temperature, pressure, humidity, forecasting hour encoded
using sine/cosine functions, the intersection term between wind speed and the cosine
component of forecast time) and can be divided into a CNN sub-branch and a Transformer
sub-branch. In the CNN sub-branch, two 1D convolutional layers with kernels of size
5 and 3 are used, together with batch normalization, swish activation [41], and residual
connections. A Squeeze-and-Excitation (SE) attention module [42] is incorporated for
channel-wise feature recalibration. The Transformer path captures long-range temporal
dependencies through 4-head multi-head self-attention and feed-forward modules. In the
feature fusion and decoding stage, the features from the historical branch, the CNN sub-
branch, and the Transformer sub-branch are concatenated and fed into a bidirectional GRU
decoding layer. As an innovation of the correction model, the physical correction module
extracts the density power, wind acceleration, and wind power ramp rate from the future
sequence branch. Following weight learning via three independent fully connected layers,
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the learned features are finally fused with the base prediction using a weight coefficient of
0.1 to yield the final forecasting result.

Past input features Future input features

(Batch, 288, 6) (Batch, 96, 11)

v v
. Conv1D(64, 5) + BN Projection Extract Features
Masking (0.0) + Swish Dense(64) [p-u?, AP, a]
Bi-GRU (64) Conv1D(64, 3) + BN lirapsiogmey 3x Dense Layers
Return Sequences + SE Block (MT&;"{?{’ZSB) g (No Bias

Bi-GRU (64) Residual Add @ Physics Correction
Return Last + Swish

Dense(64)+Swish
RepeatVector(96)

Concatenate Layers
Combined Shape: (Batch, 96, 192)

Bi-GRU (128 units)
TimeDistributed Dense(64)

Base Power Prediction
TimeDistributed Dense(1)

Final Power Predicton (kW)
= Base Prediction + Physics Correction

Figure 4. The framework for the physics-guided and deep learning-integrated wind power forecasting.

A weighted composite loss function (Equation (5)) is utilized in this study, which
consists of an 80% Mean Squared Error (MSE) term for accurate prediction, a 10% logcosh
term for outlier resistance, and a 10% smoothness constraint for preserving the temporal
continuity of prediction outputs.

1X 2 1 XN .
Loss =08 x — ¥ (y; —¥;)” + 0.1 x = ¥ log(cosh(§; — i))
N NS

1

N ()
N 1i§2|(}7i —Ji-1) — (¥i —yi-1)|

+0.1 x

where y; denotes the actual wind power, §J; signifies the predicted wind power, and N
represents the sample size.

During the data preprocessing stage, historical observation data is temporally aligned
and duplicate removed. All timestamp information is standardized to UTC. Historical
sequential data is preprocessed with the RobustScaler normalization [43]. This scaling
method uses the median and IQR to transform the data, which reduces the adverse effect
of the outliers, reduces the sensitivity of the model to extreme values, and helps the
normalized sequences maintain the intrinsic distribution characteristics of the original data.
The target wind power data are normalized with StandardScaler according to the data
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mean and variance, aiming to facilitate the calculation of the loss function and accelerate
the convergence of the model. We split the dataset into training and testing sets with an 8:2
ratio and a batch size of 24. We propose an ensemble learning approach to improve model
generalization and reduce the prediction variance. Five models are trained independently
by using different random seeds (42, 101, 777, 2024, 999), and their outputs are ensemble
to get the final prediction. For model optimization, the Adam optimizer is integrated
with a cosine annealing warm restart learning rate strategy, with an initial learning rate
of 1072 and the first decay point set to one-third of the total training steps. Additionally,
an early stopping mechanism is employed to prevent overfitting, and the training will be
halted if the validation loss does not improve for 30 consecutive epochs. To ensure physical
consistency, a post-processing mask has been applied after the model output: whenever the
input wind speed is below the cut-in speed or above the cut-out speed, the corresponding
power prediction is forced to zero.

2.4. Evaluation Metrics

The performance of the proposed wind power forecasting model is quantitatively
assessed by three widely used metrics: Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and coefficient of determination (R?). MAE is the average of absolute error
between predicted and observed data. It is easy to interpret as the average error of a model
in terms of prediction. It is not sensitive to outliers and thus is appropriate for evaluating
the average prediction bias of the model. RMSE tells about the spread of the prediction
errors. The power of two magnifies large deviations. This allows us to effectively assess
the robustness of a model. As for R?, it describes the explanatory power of the fitted model
for data variation, and values closer to 1 indicate better forecasting performance. All the
above metrics are calculated after applying inverse transforming the normalized prediction
results to ensure a clear physical interpretation.

MAE = (6)
RMSE = 7)
R2=1- 8)

3. Results
3.1. Study Area and WRF Initialization

Figure 5 shows the location of the selected wind farm and the model domain. Daily
WREF prediction is initiated at 00:00 UTC, providing 24 h forecasts at a 15 min temporal res-
olution. The initialization and boundary conditions of the WRF prediction are 0.25 output
datasets of the Global Forecast System Model, and topographic data uses static geographic
data of the WRF Preprocessing System. The WRF model is configured with two nested grids
at horizontal resolutions of 9 and 3 km. The WRF simulation used the lambert projection,
and the vertical layer is 38.
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Figure 5. The Schematic diagram of the nesting WRF model. Domain D01 (red box) ranges from
115.98° E to 127.02° E in longitude and from 29.01° N to 37.77° N in latitude; Domain D02 (blue box)
ranges from 118.93° E to 123.02° E in longitude and from 29.97° N to 35.97° N in latitude; Domain
D03 (green box) ranges from 119.97° E to 122.01° E in longitude and from 31.50° N to 33.48° N in
latitude. The yellow star indicates the location of wind farm.

For the physical parameterizations, the Kain-Fritsch (KF) cumulus scheme [44] was
used to account for the unresolved convective effects, especially in the coarser parent
domain, as it is a mature mass-flux convection scheme widely used in numerical weather
prediction. This choice is physically motivated for mesoscale grids that cannot explic-
itly resolve deep convection fully and has been shown in previous studies to influence
wind-speed simulations through the change in convection-related tendencies and pressure-
gradient responses [45,46]. The WRF Single-Moment 6-Class (WSM6) scheme was used for
cloud microphysics, which explicitly includes graupel and incorporates revised ice micro-
physics. This scheme provides a practical balance between computational efficiency and
the representation of cloud, precipitation, and ice-cloud-radiation feedback processes [47].
The planetary boundary layer was represented by the TKE-based local closure scheme, the
Mellor-Yamada-Nakanishi-Niino (MYNN) scheme [48], designed for WRF applications.
This choice is particularly relevant to wind-energy prediction as hub-height wind forecasts
are very sensitive to PBL treatment [49] and PBL parameterization changes can significantly
change vertical mixing, momentum transport, wind shear, and turbulence structure [46,50].

These physics choices also matter for the accuracy of wind power forecasts. Errors
introduced by alternative parameterization schemes in ambient wind speed, vertical wind
shear, and turbulence characteristics can propagate nonlinearly to power prediction errors.
Previous WRF-based wind-farm studies have shown that the skill of power prediction
depends primarily on the model’s ability to reproduce the ambient wind speed accu-
rately [51]. Further sensitivity studies indicate that the sensitivity of wind simulation to
physical parameterizations is often the most pronounced for PBL schemes, followed by
microphysics. However, the impact of cumulus parameterization cannot be ignored for
mesoscale simulation and can be more pronounced in the case of convective or extreme-
weather states [45,46,49,50]. Critically, the optimal mix is not universal but is dependent
on the region, season, terrain, and weather regime [46,50]. Thus, the present configuration
should be considered as a physically motivated and internally consistent configuration
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for this study, not as a globally best configuration for all wind—speed and wind power
forecasting scenarios.

The longwave and shortwave radiation schemes use the Rapid Radiative Transfer
Model (RRTM) scheme [52] and the Dudhia scheme [53], respectively. Other parameter-
ization schemes include the RUC land surface scheme [54]. Except for the land surface
scheme, which differs from that in Reference [4], all other parameterization settings are
identical to those in that study.

3.2. Performance of Wind Speed Correction Model

To mitigate the wind speed bias in WRF forecasts, we construct a hybrid LSTM—-
LightGBM correction model. It utilizes a three-stage cascaded framework. Table 1 shows
the comparison of the three metrics (RZ, RMSE, MAE) between the WRF model and
the correction model. The WRF model has considerable bias in wind speed forecasts,
with an R? of only 0.5513. After the first LSTM correction module in the hybrid LSTM-
LightGBM model, R? increases to 0.9401, while RMSE and MAE decrease to 0.7596 m/s
and 0.5434 m/s, respectively, representing a substantial reduction in errors. By further
incorporating LightGBM to correct the residuals, the model achieves an R? of 0.9798,
while the RMSE and MAE fall to 0.4412 m/s and 0.2989 m/s. Finally, after SG smooth
and physical constraints, the correction model achieves optimal performance, with an
R? of 0.9867. Compared with the original WRF prediction, the hybrid correction model
reduces RMSE by approximately 82.8% and MAE by about 84.8%, which demonstrates
the effectiveness of the proposed multi-stage correction framework in wind speed forecast
bias correction.

Table 1. The evaluation of the performance of the WRF and the hybrid LSTM-LightGBM model in
the three stages.

WRF LSTM LightGBM Final
R? 0.5513 0.9401 0.9798 0.9867
RMSE 2.0802 0.7596 0.4412 0.3575
MAE 1.5751 0.5434 0.2989 0.2394

The scatter plot of the fitting performance between the corrected results of the hybrid
LSTM-LightGBM model and the observed values in the test set is visually shown in
Figure 6a. The gray dots correspond to the raw WREF results, which show an obvious
scattered distribution, especially in the moderate-to-high wind speed interval of 8-14 m/s.
This phenomenon illustrates a large uncertainty related to the initial WRF predictions,
which is also confirmed by a low R? value of 0.55 for the uncorrected forecasts. The red
dots are much closer to the perfect prediction line, with R? for wind speed increasing to
0.9827. The data dispersion is significantly decreased after the LSTM-LightGBM model
correction. The correction model successfully eliminates a considerable amount of random
noise and significantly enhances prediction accuracy.

The wind speed bias distribution of the WRF model and correction model in the
test set, shown in Figure 6b, further reveals the model’s capability in eliminating WRF
systematic biases. The blue histogram and its fitted curve represent the baseline errors,
showing a short and wide pattern, which implies a large standard deviation of errors
and a wide distribution range, suggesting a high risk of prediction fluctuations. The red
curve representing corrected errors features a pronounced, narrow peak precisely aligned
with the zero-error line. This shows that the wind speed correction model keeps most
errors within a small range of +1 m/s; both positive and negative mistakes in the original
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forecasts are fixed. As a result, the average error is close to zero, making the predictions
much more reliable.
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Figure 6. Performance of the hybrid LSTM-LightGBM correction model in wind speed forecasting.
(a) A scatter plot illustrates the correlation between observed and predicted wind speeds in the test
set, with WREF forecasts depicted in gray and the hybrid Al-corrected forecasts in red. (b) Histograms
present the error distribution with WRF and the hybrid LSTM-LightGBM correction model in the
test set. (c) A time series comparison from December 11 to 22, 2024, displaying observations (black),
WREF forecasts (blue), and Al-corrected forecasts (red), along with the corresponding dates.

Figure 6c illustrates the variation in wind speed forecasted by the WRF and LSTM-
LightGBM model during 12-22 December 2024. The black curve of actual observations
undergoes drastic fluctuations. The blue WREF forecast curve, while showing the general
trend, has noticeable phase shifts and differences in amplitude. In contrast, benefiting
from the temporal feature memory capability of the LSTM module, the red corrected
curve almost perfectly matches the peaks and troughs of the actual curve. While the MAE
decreases from 1.1663 m/s to 0.2457 m/s, corresponding to a remarkable MAE reduction
of 78.94%.

The bias represents the discrepancy between predictions and observations. A positive
(negative) bias indicates overprediction (underprediction). Figure 7a presents the bias
distribution of the WRF and the LSTM-LightGBM hybrid correction model across various
wind speed ranges. The original WRF forecasts exhibit an overall positive bias, with the
model overestimating wind speed by 0.82 to 1.49 m/s over all wind speed ranges. This
overestimation is especially pronounced under low wind conditions (0-2 m/s), where the
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bias reaches a maximum of 1.49 m/s. After correction by the LSTM-LightGBM model,
the wind speed bias becomes more symmetric and much closer to zero. The correction
model yields only a small positive bias of 0.25 m/s under low wind conditions (0-2 m/s),
while the bias values are even smaller (—0.04~—0.01 m/s) under medium wind conditions
(4-12+ m/s). The mean bias of the model is reduced from 1.182 m/s to —0.007 m/s after
correction, which corresponds to slight underestimation under most wind speed conditions.
The developed model achieves a remarkable reduction in forecasting errors and effectively

improves the original systematic bias pattern.
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Figure 7. Wind speed bin analysis of forecast performance before and after correction. (a) Mean
bias for WRF forecasts (blue) and Al-corrected forecasts (red) across different wind speed ranges.
(b) RMSE comparison across different wind speed ranges. (c) Percentage reduction in RMSE achieved
by the correction model. (d) Wind speed data distribution different wind speed ranges, showing the
number of observations in each wind speed bin.

Figure 7b compares the wind speed RMSE of the WRF and the LSTM-LightGBM
correction model within different wind speed ranges. For the original WRF forecasts, the
wind speed RMSE ranges from 1.75 to 2.50 m/s, and the RMSEs are much larger under high
wind conditions. After wind speed bias correction, the RMSEs are substantially reduced
across all wind speed ranges, with RMSE values dropping to just 0.29-0.63 m/s. In the
6-8 m/s wind speed range, which accounts for 24.2% of the data, the RMSE decreases from
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2.50 m/s to 0.30 m/s, corresponding to a relative reduction of 87.8%. The improvement in
the hybrid LSTM-LightGBM model’s forecasting in the medium wind speed range is the
most significant, and this range coincides with the most economically valuable operating
conditions for wind farms.

Figure 7c further quantifies the performance improvement of the hybrid LSTM-
LightGBM correction model using the relative RMSE reduction percentage. The model
achieves positive improvements across all wind speed ranges (with reduction rates ranging
from 68.4% to 87.8%). The green bars clearly reflect the extent of the model’s wind speed cor-
rection improvements, showing a distinct inverted U-shaped pattern. The RMSE reduction
percentage is 76.9% under low wind conditions (0-2 m/s), gradually increases with rising
wind speed, peaks at 87.8% in the 6-8 m/s range, and decreases to 68.4% under high wind
conditions (12+ m/s). This distribution may be related to the following two factors: First,
the training samples under medium wind conditions are the most abundant (accounting
for 65.8% in total), which allows the correction model to learn more refined correction rules.
Second, extreme wind events involve more complex physical mechanisms and limited
sample representativeness (only 5.7%), which restricts the model’s correction capability.

Figure 7d shows the data distribution of the test set. The wind speed data are mainly
distributed in the range of 4-10 m/s, accounting for 65.8% of the total samples. This range is
consistent with the cut-in to rated wind speed range typically found in most wind farms, of
which the 4-6 m/s range represents the largest proportion (30.3%). The above wind speed
distribution is basically consistent with the optimal performance range of the correction
model (4-10 m/s), indicating that the model can provide stable and reliable correction
results under wind conditions with the highest frequency of wind energy utilization and
the greatest economic value. By contrast, the high wind speed range (12+ m/s) accounts
for only 5.7% because of the low occurrence frequency of extreme wind events. Such
discrepancies further highlight the difficulty of accurately characterizing rapid localized
wind variability, which is crucial for high-accuracy wind power forecasting.

3.3. The Performance of the Wind Power Model

Figure 8 shows the comparison between observed and predicted wind power by the
new physics-guided and deep learning-integrated wind power forecasting model from
October 21 to November 20, 2024. The overall variation in the model-predicted wind
power agrees with the observation, indicating that the new wind power prediction model
can reproduce the temporal variation in the wind power. Between October 24 and 26,
the prediction curve shows several peaks significantly higher than the observed values,
indicating a systematic overestimation tendency of the model during certain high wind
power periods. In terms of evaluation metrics, the RMSE of the predicted wind power is
145.02 kW, the bias is 7.46 kW. The wind power forecasting model have achieved satisfactory
overall prediction accuracy and can effectively characterize the power variation trends.
However, there is still room for further optimization, particularly during periods of rapid
power fluctuations.

The goodness of fit of the predicted wind power to the actual values over the test
set is also illustrated in Figure 9a. The majority of data points converge closely to the red
dashed ideal prediction line, which verifies good agreement between actual and predicted
wind power data. The green solid line is the linear regression fit, and its slope indicates
the systematic bias trend of overestimation or underestimation of the model. on. For low
and medium wind power conditions (0-2000 kW), data samples are densely distributed
along the diagonal line, manifesting high prediction accuracy under conventional operating
scenarios. In contrast, some data points are significantly deviating from the ideal prediction
line in the high-power range (above 3000 kW). When actual wind power is relatively
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high, the predicted values are mostly distributed above the ideal line, revealing slight
overestimation by the wind power forecasting model during high-power periods. The
correction model achieves an MAE of 103.94 kW, with a small average prediction bias.
The R? reaches as high as 0.9853, indicating that the wind power forecasting model can
explain 98.53% of the actual power variation, with a strong linear correlation between the
predictions and measurements. The negative mean bias of —7.21 kW further confirms the
existence of a slight systematic underestimation in this model.

mmm Actual Power

4000 W= Predicted Power
= 3000
S
=
e
g
© 2000
o
T
=
=
1000
0
2024-10-21 2024-10-26 2024-10-31 2024-11-05 2024-11-10 2024-11-15 2024-11-20
Time
Figure 8. Time series comparison of actual versus predicted power from October 21 to November 20,
2024. The blue line represents actual power, and the red line represents predicted power.
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Figure 9. Performance assessment of the wind power prediction model in the test set. (a) The scatter
plot compares the predicted and observed wind power values, along with a perfect prediction line
(red dashed) and a linear regression fit (green solid). (b) The error distribution histogram depicts the
frequency of prediction errors, overlaid with a fitted normal distribution curve (black solid) to aid in
assessing the normality of the error distribution.
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Figure 9b further illustrates the statistical characteristics of the forecasted wind power
errors for the proposed wind power forecasting model. The error histogram is mainly
distributed around zero, which indicates the good performance of the model on most
samples. However, the distribution is slightly shifted towards negative values, consistent
with the slight underestimation tendency revealed by Figure 9a. The negative skewness of
—0.4534 suggests a moderately longer left tail, indicating that underestimation errors are
somewhat more prevalent than overestimation errors. In addition, the kurtosis is 14.9822,
which is much higher than the theoretical value of 3 for a standard normal distribution [55].
This result means that the distribution of the forecast error is highly leptokurtic with a sharp
peak at the center and fat tails. This implies that most of the prediction errors are small,
but some samples with large errors are present. Thus, the forecast errors are not strictly
normally distributed, and the model errors are negatively skewed and have significant
heavy-tail characteristics.

4. Discussion

Although metrics such as RMSE and MAE can assess the prediction capability of the
wind power model from a macroscopic perspective, they can hardly explain the intrinsic
reasoning behind specific predictions or determine the key features for the model. The
interpretability deficiency of most artificial intelligence models weakens the confidence of
users in the predictive results and restricts the application of the corresponding decision
strategies. Interpretability drawbacks of artificial intelligence models need to be addressed
for the safety and transparency of power system decision-making [56]. These limitations
are overcome in the following sections with permutation feature importance and physical
coefficient uncertainty analysis. These methods can help to clarify the internal mechanism
of the model, to quantify the contribution of constructed features, and to verify the stability
of the three physical coefficients during the training process of the model.

Permutation feature importance [57] is a popular choice because it is computationally
inexpensive, can be used with many types of models, and is easy to interpret. The idea
is simple: shuffle the values of one feature randomly and observe how the prediction
performance of the model drops. If the feature is important, the error will change a lot;
if it is irrelevant, shuffling will not change anything. Typically, each feature is randomly
permuted several times, and the importance score is averaged over these repetitions to get
a stable and reliable result.

As shown in Table 1, the introduction of LightGBM raises the R? from 0.9401 to 0.9798.
Since additional features are incorporated into this module, feature importance analysis
can identify which specific features drive this improvement. Top-10 feature importance
from the LightGBM residual-correction model is shown in Figure 10. According to the
feature importance ranking, temporal autocorrelation features play a dominant role. The
residual at lag 1 (residual_lagl) ranks highest among all features. The correction error at
the previous time step has a decisive impact on the current error. The subsequent features
Istm_diff1 (first-order difference in the LSTM-corrected wind speed) and u_fc_diff1 (first-
order difference in the WRF raw forecast) also show significantly higher importance than
other features, suggesting that the temporal trend terms of wind speed underpin model
correction. Features including residual_rolling_mean_4 (4-step rolling mean of residuals)
and residual_lag?2 further demonstrate that local temporal patterns over short time windows
play a key role in predicting model residuals. Meanwhile, Istm_adjustment (the difference
between the raw forecast and the LSTM-corrected wind speed) and wind_tc_ratio (the ratio
of LSTM-corrected wind speed to absolute air temperature) both appear in the top 10 most
important features. Notably, the primitive meteorological predictors—air temperature,
humidity, and atmospheric pressure—are excluded from the top 10 most influential features.
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This indicates that their inherent predictive information has been fully and effectively
captured by the LSTM model through the constructed lag and difference features.
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Figure 10. Top-10 feature importance (based on gain) from the LightGBM residual-correction model.

Figure 11 displays the average increase in MAE when each feature is randomly per-
muted, which quantifies the key features in predicting the wind power. Both wind speed
and density power terms are leading predictive factors. The permutation of wind speed
leads to an MAE increase of 0.9141, and the shuffling of the density power term results
in an MAE increase of 0.7597. Power ramp and acceleration contribute moderately with
an increase in MAE of 0.5555 and 0.2578, respectively, and are ranked second and third in
the importance of the features, outperforming commonly used meteorological parameters
such as temperature, humidity, and pressure. In addition to wind speed, physical factors
that characterize power variation patterns and inertial response are also crucial to ensure
accurate predictions. Meanwhile, time-encoding features (Time Sin/Cos) show marginal
importance, suggesting that the model can independently capture periodic temporal pat-
terns via physical feature learning without additional temporal encoding.

To further explore the model’s internal learning properties, Figure 12 illustrates the
parametric stability and behavioral variability across different random initializations. All
three constructed physical coefficients yield positive values that are highly consistent with
the mean predictions, demonstrating that the embedded physics correction layer enables
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the model to precisely perceive and replicate wind energy conversion mechanisms. The
density power coefficient dominates the three indicators with a mean value of 0.7295, acting
as the primary driver of wind power fluctuations. The wind acceleration coefficient with
a mean of 0.5313 quantifies how changes in wind speed influence wind power. Positive
wind speed acceleration can stimulate the inertial response of turbine blades and generate
extra power fluctuations, and the model effectively learns this positive gust-driven effect.
Moreover, the mean power ramp rate of 0.5102 effectively reflects the control lag in the
pitch and yaw systems under complex wind conditions. Notably, the standard deviations
of all three coefficients stabilize at the order of 102, demonstrating the high stability of
the model training process and effectively eliminating common training defects such as
coefficient vanishing and sign reversal.

Wind Speed (u)

Density Power (p-u?)

Power Ramp (AP)

Acceleration (a)

Inter Cos

Inter Sin

Feature

Pressure (p)
Temperature (t)
Humidity (rh)
Time Cos
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MAE Increase (kW)

Figure 11. Feature importance analysis via permutation impact. The bar chart displays the mean
increase in MAE when each feature is randomly permuted, quantifying feature importance for wind
power prediction.

An ablation study was performed to assess the contribution of each main component
within the proposed framework, building the model up from the baseline by incrementally
adding different modules. Specifically, four variants were evaluated: GRU, GRU + CNN,
GRU + CNN + Transformer, and GRU + CNN + Transformer + Physics Correction. The
worst performance was obtained by the model based on the GRU only, as shown in
Table 2, indicating that the recurrent structure alone cannot learn the complex nonlinear
characteristics of wind power variation. The introduction of the CNN module greatly
improved the prediction accuracy, and the RMSE and MAE were reduced to 170.49 kW and
106.80 kW, respectively, and the R? increased to 0.9846. The result shows that extracting the
local temporal pattern plays an important role in improving the forecasting performance.
The integration of the Transformer module is further applied and yields additional gains
by reducing RMSE to 167.69 kW and MAE to 105.26 kW, and increasing R? to 0.9851,
indicating that the modeling of long-range temporal dependencies is complementary
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to convolutional feature learning. The full model with Physics Correction performed
best overall with an RMSE of 166.70 kW, an MAE of 103.94 kW, and an R? of 0.9853.
The improvement from the physics correction branch was rather small compared to the
CNN module. However, it consistently improved the predictive results, showing that
incorporating physically guided correction into the data-driven framework can further
improve model reliability and accuracy. Overall, these results confirm the effectiveness of
the proposed architecture and prove that each introduced module contributes positively to
the final forecasting performance.
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Figure 12. Distribution of three learned physics coefficients for five training Seeds, boxplot showing
the variability of the physics coefficients from five independent model initializations.

Table 2. Ablation study results of different model variants.

Model RMSE MAE R?
GRU 1195.62 910.00 0.2419
+CNN 170.49 106.80 0.9846
+Transformer 167.69 105.26 0.9851
+Physics Correction 166.70 103.94 0.9853

To verify the effectiveness of the proposed model, we compared it with several rep-
resentative baseline methods widely used in wind power prediction. We chose XGBoost
as a strong machine-learning baseline due to its ability to perform nonlinear regression.
LSTM and BiLSTM were used as traditional recurrent architectures for modeling temporal
dependencies. CNN + LSTM was included as a hybrid baseline to learn local patterns
and sequential dynamics. A transformer was used as an advanced attention-based model
that can learn long-range temporal dependencies. For a fair comparison, all models were
trained and tested on the same dataset using the same experimental settings. The predictive
performance of the models was evaluated in terms of RMSE, MAE, and R2. As shown in
Table 3, the proposed physics-guided model achieved the best overall performance with
an RMSE of 166.70 kW, MAE of 103.94 kW, and R? of 0.9853. Among the baseline models,
Transformer and CNN + LSTM presented relatively competitive results with RMSE values
of 170.31 kW and 170.72 kW, respectively, showing that both attention-based mechanisms
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and hybrid feature extraction strategies are effective for wind power forecasting. XGBoost
also showed good performance with an RMSE of 171.26 kW and an MAE of 104.96 kW,
demonstrating that nonlinear machine-learning methods are still competitive for this prob-
lem. On the other hand, the results of LSTM and BiLSTM are worse, especially the LSTM
alone, which has an RMSE of 197.31 kW and an R? of 0.9794, showing that the recurrent
architectures alone are not enough to describe the complex variability of wind power. In
general, the improvements of the proposed model on the best deep-learning baselines were
moderate but consistent across all evaluation metrics, showing the proposed framework
offers a more accurate and robust solution to wind power forecasting.

Table 3. Comparison of the proposed physics-guided model with representative baseline methods
for wind power forecasting.

Model RMSE MAE R2
XGBoost 171.26 104.96 0.9844
LSTM 197.31 127.60 0.9794
BiLSTM 179.98 116.20 0.9828
CNN + LSTM 170.72 105.75 0.9845
Transformer 170.31 109.99 0.9846
Physics-guided 166.70 103.94 0.9853

5. Conclusions

A wind power prediction model system integrating the WRF numerical weather model
and artificial intelligence technology is constructed to achieve high-precision wind power
forecasting. The WRF model is employed first to obtain wind speed forecasts with high
spatiotemporal resolution. Subsequently, a hybrid LSTM-LightGBM model is developed
to correct the WRF-derived wind speed, which effectively reduces the forecast bias of the
WRF model and supplies high-precision wind speed for subsequent wind power prediction.
During the test period, the RMSE of the WRF wind speed forecasts is reduced by up to
82.8%, and the R? is improved from 0.55 to 0.99. The large number of training samples in
the medium wind speed range (accounting for 65.8% cumulatively) enables the correction
model to learn more refined correction rules. As a result, the wind speed correction model
yields the most significant forecast improvement in the medium wind speed range, which
exactly corresponds to the most economically valuable operating conditions of wind farms.

After correcting the wind speed bias in the WRF model, this study further develops a
physics-guided and deep learning-integrated model. By introducing physical features such
as “density power”, wind power ramp rate and wind acceleration, the model’s generaliza-
tion performance and interpretability are greatly improved. The model demonstrates high
forecasting accuracy, with an MAE of 103.94 kW and an R? of 0.9853 for wind power. This
study also reveals the physical learning mechanism of the deep learning model in wind
power prediction from the perspective of interpretability through permutation feature im-
portance and physical coefficient uncertainty analysis methods. It confirms that the model
not only effectively captures the cubic law of wind power versus wind speed but also ex-
hibits physically consistent learning behaviors under different training initializations. This
study provides viable technical references for solving practical problems concerning predic-
tion accuracy, operational reliability, and model interpretability in meteorological-energy
cross-domain wind power forecasting tasks.

The proposed wind power forecasting model exhibits three prominent advantages
over conventional models. Firstly, the integration of physical laws and data-driven features
alleviates the black-box problem inherent in pure data-driven models and enables predic-
tion results to better conform to engineering practices. Secondly, the synergistic use of
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ensemble learning and composite loss functions significantly enhances the model’s robust-
ness and stability. In addition, permutation importance analysis and physical coefficient
uncertainty evaluation are introduced to quantify feature contributions to wind power pre-
diction and characterize the stability and variability of physical knowledge learning during
repeated model training. This establishes an observable physical diagnosis mechanism for
conventional black-box models.

The effectiveness of the proposed framework is further validated by the compara-
tive experiments and ablation analyses. Compared with representative baseline models,
including XGBoost, LSTM, BiLSTM, CNN + LSTM, and Transformer, the proposed physics-
guided model achieved the best overall performance, demonstrating its superiority in wind
power forecasting. Further ablation study shows that each module contributes positively
to the final prediction performance. The CNN branch makes the largest contribution to the
improvement by focusing on better local pattern extraction, and the Transformer branch
further improves the modeling of long-term temporal dependencies. The physics-guided
correction branch achieves further consistent gains, indicating that the introduced physical
features enhance the accuracy and robustness of the model. The results obtained corroborate
that the proposed model not only achieves better performance compared to conventional
benchmark methods but also effectively integrates multiple functional components.

The presented wind power forecasting model overall has a certain level of prediction
accuracy and can effectively reflect the trend of wind power changes. However, during
certain high wind power periods, the model tends to systematically overestimate, indicating
that there is still room for optimization, especially during rapid power change phases. To
improve the model’s robustness and prediction accuracy under extreme conditions, our
future research will aim to improve the prediction algorithm for high-power intervals and
conduct a more detailed analysis of typical operating conditions or weather patterns that
result in significant overestimation. Consequently, these improvements will enhance the
model’s robustness and prediction accuracy under extreme conditions. To address the
larger errors under high wind speeds (>12 m/s) due to sample scarcity, we will propose
adding small Gaussian noise (1-3%) and scaling perturbations (+5%) to existing high-wind
samples, bounded by cut-in/out speeds, to generate realistic augmented data and improve
generalization in future work.

In this study, only the complete observation data set in 2024 was used for model
training and validation. A one-year dataset is not considered sufficient proof for full
interannual generalizability of the proposed model, but is considered sufficient for an initial
site-specific validation. This is because the 2024 data set covers the full annual cycle of local
wind conditions, including seasonal variability and representative strong wind events, and
therefore allows for a systematic evaluation of model performance under the wind regime
observed at this site during this year. This treatment is consistent with common practice in
the wind power forecasting literature, where models have been developed and validated
using often one-year datasets or even shorter records. For example, Dong et al. put forward
a regional wind power forecasting method for small data sets and achieved reliable 24 h
forecasting performance with only three months of NWP data [58]. Lin et al. directly
compared one-month and one-year training data sets for wind power forecasting [59].
Aftab et al. proposed a wind power forecasting model with one-year of SCADA and NWP
data [60]. Karaman also developed and tested wind power prediction models on a full
year data-set of the year 2018 [61]. These studies indicate that a single-year dataset can
support an initial validation of methodological effectiveness in wind power forecasting,
although the resulting conclusions are generally limited to the specific period and scenario
represented by the available data.
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However, the absence of multi-year continuous samples prevents a complete eval-
uation of the interannual robustness of the proposed correction model. Previous work
has shown that distribution shift in time-varying wind power data can impede model
generalization to future periods [62]. Thus, the results of the present study should be
interpreted as showing the feasibility and effectiveness of the proposed method under
the 2024 wind regime at this site, rather than proving its universal robustness under the
wind conditions in other years. In future work, longer continuous observation records will
be collected at this site for out-of-year validation, robustness assessment under different
annual wind regimes, and further evaluation of the broader engineering applicability of
the proposed model.
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