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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

• Combining NWP and AI methods improved short-term offshore wind power forecasts.
• Both Multilayer Perceptron and Long Short-Term Memory architectures were evaluated.
• Long Short-Term Memory models consistently outperformed the Multilayer Perceptron.
• The analysis used real operational data from the Alpha Ventus offshore wind farm.
• Open-source datasets and machine learning were used to impute missing sensor data.
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 A B S T R A C T

Offshore wind power generation has emerged as a reliable and stable source of renewable energy. However, 
accurate short-term forecasting of power generation remains a challenge due to the stochastic nature of weather 
conditions. This study evaluates the contribution of Numerical Weather Prediction (NWP) outputs and lagged 
explanatory variables for short-term offshore wind power forecasting. The analysis was conducted using data 
from the Alpha Ventus wind farm, located in the North Sea. NWP outputs from the ICON-D2 (ICOsahedral 
Nonhydrostatic D2) model were integrated with historical power generation data collected from Alpha Ventus 
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turbine sensors. The performance was evaluated using a state-of-the-art recurrent neural network (Long Short-
Term Memory, LSTM) alongside four established machine learning baselines (Multi-Layer Perceptron, XGBoost, 
Random Forest, and LightGBM).

The results highlight three main findings. First, the inclusion of NWP predictors consistently improves 
performance across all evaluated technologies. Second, LSTM-based models improve forecasting accuracy 
compared to the alternative algorithms. Third, while adding 1 h lagged variables is beneficial, extending the 
lag structure beyond this does not yield additional gains in predictive performance. These findings emphasize 
the potential of advanced neural network architectures combined with NWP data to improve offshore wind 
power generation forecasting accuracy.

1. Introduction

The global energy landscape is undergoing a rapid transformation 
as the demand for sustainable and renewable energy sources becomes 
increasingly urgent. Among these, offshore wind power generation has 
emerged as a critical contributor due to its ability to harness the 
consistent and powerful wind currents found at sea. Unlike onshore 
wind farms, offshore installations benefit from minimal physical ob-
structions, leading to higher and more stable wind speeds [1]. This 
characteristic translates into a more reliable energy output, positioning 
the offshore wind as a key player in achieving global energy transition 
goals.

Despite these advantages, offshore wind farms face unique chal-
lenges. Foley et al. noted that offshore wind farms are highly dependent 
and sensitive to weather and atmospheric phenomena, significantly 
impacting their performance and operational costs [2]. Maintenance 
and longevity are particularly affected by these conditions, with the 
deployment and maintenance costs of offshore installations being ap-
proximately 1.5 to 2 times higher than those of onshore wind farms [3]. 
Additionally, offshore wind farms pose challenges in data collection 
and integration of generated energy into the grid, further complicating 
their operation [4].

One of the most pressing challenges in the sector is accurate short-
term forecasting of power generation. Wind variability, driven by com-
plex and dynamic weather systems, complicates the prediction of power 
output, making it challenging for grid operators to manage supply 
and demand effectively [5,6]. Short-term forecasting is critical to in-
tegrating wind power into the energy grid, reducing the reliance on 
additional power sources, and ensuring the stability and efficiency of 
power distribution networks [7]. In addition, accurate forecasts allow 
for better planning of maintenance operations and better economic 
dispatch, enhancing the overall viability of wind power projects [8].

Machine learning (ML) has emerged as a promising solution to ad-
dress the stochastic nature of wind power forecasting [9,10]. Advanced 
ML algorithms can capture complex, non linear patterns in weather 
data that traditional statistical models often fail to detect [11]. In this 
regard, this study investigates the integration of numerical weather 
prediction (NWP) outputs with advanced neural network architectures 
to enhance the accuracy of short-term wind power prediction.

The main contributions of this work are threefold and directly relate 
to both power system operations and applied artificial intelligence. 
First, we quantify the added value of operational Numerical Weather 
Prediction (NWP) outputs for short-term offshore wind power forecast-
ing using data from the Alpha Ventus wind farm and ICON-D2 model, 
and we assess improvements relative to identical models without NWP 
inputs. Second, we provide a systematic benchmark of a state-of-the-
art recurrent model (LSTM) against four established machine learning 
alternatives (MLP, XGBoost, Random Forest, and LightGBM). LSTM 
is particularly effective at capturing temporal dependencies in time-
series data, making it well-suited for forecasting applications such 
as wind power generation [12,13]. Third, we analyze the impact of 
incorporating lagged explanatory variables, showing that including a 
1-h lag is beneficial, whereas extending the lag structure beyond 1 h 
does not yield additional gains in predictive performance.

By leveraging high-resolution weather forecasts from the ICON-D2 
(ICOsahedral Nonhydrostatic D2) model and historical turbine sensor 
data from the Alpha Ventus offshore wind Germany farm located in the 
North Sea [14,15], the proposed approach aims to improve predictive 
accuracy under realistic operational conditions. This addresses a core 
energy-system requirement: reducing forecast uncertainty that propa-
gates into unit commitment, balancing actions, reserve procurement, 
and market bids in systems with high wind penetration.

The rest of the paper is organized as follows: Section 2 provides a 
review of the application of machine learning techniques in the context 
of wind forecasting. Section 3 describes the forecasting models used 
in this research, including the theoretical framework and methodol-
ogy applied in the experimental phase. Section 4 explains the data 
processing pipeline, detailing how the raw data was cleaned, recon-
structed, and prepared for training and evaluation. Section 5 presents 
the results obtained from the experiments and includes a discussion that 
interprets the impact of different variables and model configurations. 
Section 6 employs SHAP values to examine how NWP variables impact 
the forecasted values. Section 7 compares the computational cost of the 
LSTM with the baseline algorithms. Finally, Section 8 summarizes the 
main conclusions and insights derived from the study, offering potential 
directions for future work.

2. Related works

Forecasting methods are typically categorized into numerical, sta-
tistical, Machine Learning (ML), and hybrid approaches. According 
to Tuncar et al. [16], forecasting needs vary depending on the time 
horizon, which can be classified into very short-term (0 – 30 min), 
short-term (30 min – 6 h), medium-term (6 h – 1 day), and long-
term (1 day – 1 month), each serving specific operational and strategic 
objectives.

On the other hand, Numerical Weather Prediction (NWP) models 
utilize extensive meteorological data and sophisticated computational 
algorithms to simulate atmospheric states and forecast weather con-
ditions [17]. By incorporating data from sources such as satellites, 
weather stations, and buoys, these models can accurately predict vari-
ables like wind speed and direction, which are essential for estimating 
wind energy. However, these methods are not ideal for shorter-term 
predictions due to their high dependency on precise initial conditions, 
long processing times, and relatively low spatial and temporal resolu-
tion [18,19]. These models, designed for larger time scales, may fail to 
capture the rapid and localized changes required for immediate predic-
tions. Therefore, for very short-term forecasts, faster approaches such as 
statistical models or machine learning are preferred, as they can quickly 
adapt to instantaneous variations in atmospheric conditions [20].

Statistical models, based on time series analysis, use historical data 
to predict future outcomes. These models are particularly effective for 
short time horizons of minutes or hours, identifying random patterns 
in the data [21]. Techniques such as ARMA, ARIMA, and Box-Jenkins 
models are commonly employed. For example, Torres et al. [22] 
demonstrated that ARMA models could reduce errors in hourly wind 
speed predictions by 20% compared to persistence models. Other 
studies, such as Erdem et al. [23], explored ARMA-based methods, 
including component decomposition and vector auto-regression (VAR) 
models, which improve wind direction and speed predictions. While 
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simple and easy to implement, these models are highly sensitive to 
nonlinearity and nonstationarity in the data [24].

Machine Learning (ML) methods leverage meteorological data to 
predict wind generation. Neural networks, particularly Long Short-
Term Memory (LSTM) networks, have gained prominence due to their 
ability to handle nonlinear relationships and time-series dependen-
cies [25,26]. Su et al. [27] used LSTM for wind power prediction, 
achieving a 4.96% improvement in RMSE over traditional methods. 
Similarly, Yin et al. [28] compared multiple algorithms, finding that 
LSTM outperformed others, achieving an MAPE of 0.032% and RMSE 
of 0.0018. Hanifi et al. [29] applied LSTM to predict wind power at 
a Scottish turbine, outperforming ARIMA and persistence models by 
3.93% and 5.1%, respectively. Ko et al. [30] achieved superior accuracy 
with a Bi-LSTM network for ERCOT data, surpassing ARIMA and other 
models in prediction accuracy.

Hybrid methods combine multiple approaches, often integrating 
machine learning with digital signal processing techniques. These 
methods decompose non-stationary data into stationary subseries for 
improved prediction accuracy. Zu et al. [31] used wavelet packet 
decomposition (WPD) to split wind power data into frequency sub-
series, training GRU networks for each band. This approach outper-
formed traditional GRU models for wind power prediction. Similarly, 
Su et al. [32] applied WPD to separate wind speed into high- and 
low-frequency components, training LSTM networks on low-frequency 
data and applying additional decomposition with ensemble empirical 
noise decomposition (EEMD) for high-frequency data. This approach 
improved prediction accuracy by including rotor speed as a variable. 
The work performed by Hanifi et al. [21], further extended this hybrid 
approach for offshore wind turbines. Using WPD, they decomposed 
wind speed and power data into low- and high-frequency compo-
nents. Low-frequency components trained an LSTM network, while 
high-frequency components trained convolutional networks, achieving 
superior performance compared to other algorithms with the lowest 
MSE, RMSE, and MAE values.

3. Modeling approach

This section provides an overview of the methodologies and theo-
retical foundations employed in our experimental framework. We begin 
by introducing the Long Short-Term Memory (LSTM) network, a neural 
architecture specifically designed to capture temporal dependencies. 
Following this, we describe the evaluation metric used to assess model 
accuracy, the Mean Absolute Error (MAE). Finally, we present the 
hyperparameter optimization framework employed called Optuna.

3.1. LSTM

LSTM (Long Short-Term Memory) networks are a specialized form 
of recurrent neural networks (RNNs) designed to overcome the van-
ishing and exploding gradient problems commonly encountered in 
traditional RNNs. These issues hinder the learning of long-range de-
pendencies in sequential data. LSTM networks were first introduced 
by Hochreiter and Schmidhuber in 1997 [33]. They are particularly 
effective in capturing long-term dependencies thanks to their unique 
architecture, which incorporates memory cells and gating mechanisms 
that regulate the flow of information.

This structure enables LSTMs to learn which information to retain 
or discard over long sequences, making them particularly powerful for 
tasks involving time series forecasting, natural language processing, 
and other sequence modeling problems. In our work, LSTM networks 
were employed to predict short-term wind power generation by captur-
ing temporal patterns in the input data. Fig.  1 shows the schema of an 
LSTM cell.

Fig. 1. Schema of an LSTM cell.

Table 1
LSTM and MLP hyperparameters and their ranges used 
for model optimization.
 Hyperparameter Range of values  
 Number of layers [1, 2]  
 Neurons per layer [1, 200]  
 Learning rate [0.001, 0.1]  
 Batch size {128, 256, 512} 
 Dropout [0, 0.5]  

3.2. Performance evaluation metric

We employed the Mean Absolute Error (MAE) as the performance 
indicator to evaluate the different forecasting models. Higher error 
values show the inaccuracy of a model. The corresponding equation 
is as follows: 

MAE = 1
𝑛

𝑛
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (1)

where:

• 𝑛 is the total number of observations.
• 𝑦𝑖 represents the true value for the 𝑖th observation.
• 𝑦̂𝑖 represents the predicted value for the 𝑖th observation.

3.3. Hyperparameter optimization

Hyperparameter optimization [34–37] was conducted using the 
Optuna framework [38] to improve the machine learning models in 
this study. Optuna’s define-by-run architecture dynamically creates the 
search space, allowing the process to adapt based on ongoing results. It 
uses two strategies to identify optimal hyperparameters. The sampling 
strategy focuses on promising areas of the hyperparameter space, utiliz-
ing probabilistic methods to enhance efficiency. The pruning strategy 
monitors the training process and stops unpromising trials early, saving 
computational resources. Table  1 details the hyperparameter ranges 
explored when training MLP and LSTM models. These ranges were 
chosen based on domain knowledge and initial experiments. Table 
2 details the hyperparameter ranges explored when training the rest 
of the baseline models. The ranges for XGBoost and Random Forest 
are based on the work of Rajaperumal et al. [39], while the work 
of Bentéjac et al. [40] was used for LightGBM. The final optimized 
parameters were used to train models for robust predictions.
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Table 2
XGBoost, Random Forest and LightGBM hyperparameters and the ranges used for their optimization.

XGBoost Random Forest LightGBM
 n_estimators [100, 300] n_estimators [100, 300] num_leaves [3, 1024]  
 max_depth [3, 9] max_depth [10, 30] top_rate [0.2, 0.7]  
 learning_rate [0.01, 0.1] min_samples_split [2, 5] learning_rate [0.025, 0.3] 
 other_rate [0.05, 0.3]  
 feature_frac tion_bynode [0.25, 1.0]  

Table 3
Comparison of Senvion 5M and Adwen AD-5116 wind turbines.
 Attribute Senvion 5M Adwen AD-5116 
 Rated Power (MW) 5.075 5  
 Foundation Jacket Tripod  
 Hub Height (m) 92 90  
 Rotor Diameter (m) 126 116  

Table 4
Sensor types and their descriptions with physical units.
 Sensor type Description Physical unit  
 DMS Strain gauge kNm  
 FOS Fiber Optic Sensor 𝜆 (wavelength)  
 Environmental Temperature, humidity, pressure ◦C, %, hPa  
 Inclinometer Inclination angle ◦  
 Control Various rpm, ◦, kW, m/s 
 ICP Accelerometer m/s2  

4. Experimental setup

This section presents the experimental setup used for developing 
the wind power forecasting models. It begins with a brief overview of 
the selected offshore wind farm, and presents RAVE and Pamore, the 
databases used to train the models. To address missing values, a data 
recovery strategy was applied using meteorological data, XGBoost, and 
the physical wind power equation. Outliers were identified and filtered 
using the Isolation Forest method. The final dataset was constructed 
by selecting relevant variables, followed by normalization and splitting 
into training, validation, and test sets.

4.1. Case study

The Alpha Ventus offshore wind farm, situated in the North Sea off 
the coast of Germany, 60 km from the coast, has been operational since 
2010. This farm consists of 6 Adwen AD-5116 turbines of 5 MW with 
tripod foundations, and 6 Senvion 5M turbines with jacket foundations, 
totaling 60 MW of installed capacity. Table  3 shows the most important 
characteristics of the two types of turbines. The water depth in the area 
is about 30 m. The wind farm is managed by the enterprises EWE, RWE, 
and Vattenfall. FINO1 is a research platform built at 𝑁 54◦ 00′ 53,5’’ 
E 6◦ 35′ 15,5’’ in the vicinity of the farm. The study period spans from 
September 1, 2022, to July 9, 2023, a duration of 10 months.

4.2. RAVE data

Data from FINO1 and wind turbine sensors can be accessed through
Research at Alpha VEntus (RAVE) platform. Although the sensors have 
different measurement frequencies, ten-minute aggregated data are 
available to download from the RAVE platform. Sensor data from the 
Senvion 5M turbine AV04 was used, as it has the longest measurement 
history and is the closest turbine to the FINO1 platform, making the 
platform’s meteorological data more representative of the turbine’s 
operating conditions. Turbine sensors are located in the foundations, 
tower, nacelle, blades, and rotor shaft. Table  4 shows the different 
turbine sensor types.

We used data from the nacelle to train the models. Only wind 
speed (m/s), generator speed (rpm), pitch angle (◦), Azimuth angle (◦), 

Fig. 2. Schematic of an offshore wind turbine with NWP model height levels. 
W63 variable is the nearest to the center of the turbine.

temperature (◦ C), and atmospheric pressure (hPa) have a correlation 
over 0.2 in absolute value and were kept. We observe that the Azimuth 
angle, pitch angle, and generator speed are strongly correlated. We also 
included measurements from FINO1 of atmospheric pressure (hPa) at 
20 m and wind speed (m/s) at 40, 50, 70, 80, 90, and 100 m.

4.3. Numerical weather prediction

Numerical Weather Prediction (NWP) models are mathematical 
models based on physical principles to predict the weather. The German 
Weather Service (Deutscher Wetterdienst, DWD) operates a regional 
model, ICON-D2, which is limited to Germany and its neighboring 
countries, and is primarily used for very short-range forecasting up to 
48 h at a horizontal resolution of 2.2 km [14,15]. The model forecasts 
atmospheric conditions at 65 atmosphere levels. The data is available 
online through Pamore (PArallel MOdel data REtrieve from Oracle 
databases) platform. Since wind speed is part of the theoretical wind 
power equation, we have used predicted data for wind speed at layers 
62, 63, and 64, corresponding to heights of 126.8 m, 77.7 m, and 
37.6 m above sea level, respectively [41]. These heights are those 
where the wind interacts with the wind rotor and are represented in 
Fig.  2.

4.4. Data recovery

For atmospheric variables at the nacelle, we employed a two-step 
process to address missing data. Initially, missing values in the FINO1 
research platform dataset were filled using data from the meteostat 
Python package [42]. The filled FINO1 data was then used as input 
to XGBoost models to predict and recover missing data from nacelle 
sensors.

For atmospheric pressure at the nacelle, missing values were im-
puted using pressure data measured at 20 m from FINO1. For wind 
speed at the nacelle, data from multiple heights (100, 90, 80, 70, 60, 
50, and 40 m) were used as inputs to predict and recover missing values 
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Table 5
Key variables, their units, sources, and filling methods. Filling methods applied to RAVE data apply physical formulae and XGBoost models trained with other 
variables.
 Name Units Source Filling method  
 AP Active Power kW RAVE Theoretical wind power equation  
 WS Wind speed at the nacelle m/s RAVE XGBoost using FINO1 data  
 APr Atmospheric pressure at the nacelle hPa RAVE XGBoost using FINO1 data  
 GS Generator speed rpm RAVE XGBoost using azimuth angle and rotor position 
 W62 Wind speed at 126.8 m m/s NWP –  
 W63 Wind speed at 77.7 m m/s NWP –  
 W64 Wind speed at 37.6 m m/s NWP –  

at the nacelle. Similarly, temperature data at 100 m were employed 
to recover missing values for the temperature at the nacelle. Azimuth 
angle and rotor position were used as predictors in an XGBoost model 
to recover missing generator speed values.

Finally, missing values for the objective variable, active power, were 
addressed using the theoretical wind power equation: 

𝑃𝑤 = 1
2
𝐴𝜌𝑣3𝐶𝑝 (2)

where 𝑃𝑤 is the wind power (W), 𝐴 is the area covered by the rotor 
blades (m2), 𝜌 is the air density (kg/m3), 𝑣 is the wind speed at the 
nacelle (m/s), and 𝐶𝑝 is the turbine power coefficient. The area was 
calculated using the formula for the area of a circle with the rotor 
radius. Air density was calculated as: 
𝜌 = 𝑃𝑅𝑇 (3)

where 𝑃  is the atmospheric pressure (Pa), 𝑅 is the ideal gas constant 
(287.05 J/(kg K)), and 𝑇  is the temperature (K). The turbine power 
coefficient 𝐶𝑝, which is not publicly available, was estimated as the 
value that minimized the mean squared error (MSE) between calculated 
and observed wind power in non-missing entries. Table  5 shows a 
summary of the curated variables used in the models.

4.5. Outlier detection and treatment

The ideal power curve of a wind turbine represents the expected 
relationship between wind speed and power output under normal 
operating conditions. This curve is characterized by three main regions: 
a low wind speed region where no power is generated, an intermediate 
region of increasing power output, and a plateau where the turbine 
operates at its rated capacity. However, deviations from this curve, 
often referred to as outliers, can occur due to various factors such as 
turbine curtailment, measurement errors, or operational anomalies.

As shown in Fig.  3, outliers were classified into three distinct types 
based on their characteristics. Type I outliers were slightly negative 
values resulting from the power consumption required to initiate rotor 
movement. These values were transformed to zero, as they do not 
contribute to wind power output. Type II outliers corresponded to 
intermediate power values observed during turbine shutdown phases. 
The horizontal lines (Type III) in the power-wind curve result from 
curtailment operations, which involve the intentional reduction of 
electricity output from wind turbines. Grid operators typically carry out 
these measures to ensure grid stability or to perform maintenance.

To detect Type II and Type III outliers, we employed the Isola-
tion Forest algorithm, a machine learning-based anomaly detection 
method known for its effectiveness in identifying deviations in high-
dimensional datasets. The detection results are illustrated in Fig.  4(a), 
where the identified anomalies are marked in red. Once detected, Type 
II and Type III outliers were replaced using the theoretical wind power 
equation. Fig.  4(b) shows the cleaned dataset after imputation.

4.6. Dataset configuration

The dataset is composed of data from the wind turbine measure-
ments and the NWP simulations. All the data is hourly sampled. The 

Fig. 3. Outliers types in the observed power curve of the turbine. Type I are 
caused during turbine start, type II by intermediate shut down phases and 
Type III by curtailment operations.

measured variables include active power, wind speed, atmospheric 
pressure and generator speed. The wind speed has been simulated at 
instant t+1 with the information at instant t, at three different heights 
corresponding to the layers 62, 63, and 64. The variable to predict is the 
following hour’s value of the active power. Note that historical values 
of the active power can be used as an explanatory variable.

The data notation is as follows:

• 𝑦t+1 is the objective variable, the active power at time 𝑡 + 1.
• 𝑥WS,t, 𝑥AP,t, 𝑥APr,t, and 𝑥GS,t are the explanatory variables mea-
sured at instant t: wind speed, active power, atmospheric pres-
sure, and generator speed. Note that 𝑥AP,t is the same as 𝑦𝑡. 𝑥XX,t
will be used to represent any of these variables.

• 𝑥̂NWP62 t+1∣𝑡, 𝑥̂NWP63 t+1∣𝑡 and 𝑥̂NWP64 t+1∣𝑡 are the NWP simulation 
at instant t for the time horizon 𝑡 + 1 of the wind speed in the 
layer 62, 63 or 64. 𝑥̂NWPXX t+1∣𝑡 will be used to represent any of 
these variables.

4.7. Dataset preparation

To ensure consistency and comparability, all input variables were 
normalized prior to model training. Normalization was performed using 
the formula: 
𝑥normalized =

𝑥 − 𝑥min
𝑥max − 𝑥min

(4)

where:

• 𝑥 is the original value of the variable.
• 𝑥min is the minimum value of the variable in the dataset.
• 𝑥max is the maximum value of the variable in the dataset.
• 𝑥normalized is the scaled value, ensuring the variable falls within 
the range [0, 1].

The objective variable for all experiments was the wind power 
generated in the next nine hours, resulting in nine output values. 80% 
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(a) Observed power curve with outliers marked in 
red.

  
(b) Cleaned power curve after outlier removal.

 

Fig. 4. Comparison of the observed and cleaned power curves. (a) shows the raw observed data with outliers highlighted, while (b) displays the cleaned data 
after preprocessing and imputation.

of the data was allocated to training, an additional 10% of the data was 
designated for the adjustment of hyperparameters, and the remaining 
10% was reserved as the test set to assess the overall effectiveness and 
generalization capability of the trained models.

4.8. Experiments configuration

This paper aims to analyze the impact of different elements on 
short-term forecasting. Therefore, all the experiments predict the active 
power for the following hour. The contribution of different combi-
nations of measured variables to the performance improvement were 
studied both with and without the presence of the different NWP vari-
ables, using an LSTM model. Then, the impact of including lags of the 
explanatory variables were compared with the cases without any lag. 
Finally, the experiments are repeated with an MLP model to measure 
the utility of using the LSTM, a more computationally expensive model. 
Both LSMT and MLP model hyperparameters are adjusted using the 
Optuna framework, as explained in Section 3.3. The experiments are 
as following:

1. Compare the performance of LSTM models using different com-
binations of explanatory variables 𝑓 (𝑥XX,𝑡,… , 𝑥XX,𝑡) with models 
that include NWP values 𝑓 (𝑥XX,𝑡,… , 𝑥XX,𝑡, 𝑥̂NWPXX t+1∣𝑡) for the 
three layers: 62, 63, 64.

2. Analyze the contribution of 𝑛 lags of the feature variables in 
LSTM models, such as 𝑓 (𝑥XX1,𝑡, 𝑥XX2,𝑡,… , 𝑥XX1,𝑡−𝑛, 𝑥XX2,𝑡−𝑛) com-
pared to models using only current inputs, i.e., 𝑓 (𝑥XX1,𝑡, 𝑥XX2,𝑡). 
Additionally, study both cases with the inclusion of NWP vari-
ables.

3. Repeat the experiments using MLP, XGBoost, Random Forest, 
and LightGBM algorithms to determine whether the same behav-
ior is observed.

4. Compare the performance of baseline and LSTM models to justify 
the use of more computationally expensive algorithms such as 
LSTM.

5. Results and discussion

This section presents the evaluation of the predictive performance of 
different model configurations for short-term wind power forecasting. 
The analysis focuses on the contribution of numerical weather predic-
tion (NWP) data when combined with the explanatory variables wind 
speed, active power, generator speed, and atmospheric pressure. Some 
combinations were also tested with different lag lengths. The Mean 
Absolute Error (MAE) was used as the evaluation metric. Additionally, 
four different machine learning methods were used as a reference to 

benchmark the performance of the LSTM-based models: multilayer per-
ceptron (MLP), Random Forest, XGBoost and LightGBM. The statistical 
significance of the observed differences in forecasting accuracy was 
examined using the Diebold–Mariano test [43].

5.1. Impact of explanatory and NWP variables

Here, we evaluate the impact of combining different explanatory 
variables with numerical weather prediction (NWP) data. Table  6 
reports the mean absolute error (MAE) obtained for each model config-
uration. The results show that, with the exception of the configuration 
using all four explanatory variables, adding an NWP variable can 
improve prediction accuracy in at least one model for each group of 
explanatory variables. The best result was achieved by combining wind 
speed, active power, and air pressure with the NWP variable W62, as 
shown in Fig.  5.

To assess the statistical significance of the observed improvements, 
Table  6 also marks with an asterisk (*) the cases where the improve-
ment is significant after the Diebold–Mariano test, compared with 
the corresponding model without any NWP variable. A significance 
threshold of 0.05 was used.

Among the NWP variables tested, W63 showed a statistically signif-
icant impact in 5 out of the 7 configurations, W62 in 4 configurations, 
and W64 in three. These results highlight the relevance of selecting 
the appropriate NWP input depending on the available explanatory 
variables and the forecasting horizon.

It is worth noting that the ten best-performing models all included 
active power as one of the explanatory variables. This is a logical 
outcome, as active power is the same variable that the models aim to 
predict, and its recent values are likely to carry relevant information 
for short-term forecasting.

5.2. Impact of lagged variables

This section explores the effect of incorporating lagged values of 
input variables on the performance of wind power prediction models. 
As we are dealing with time series data, incorporating temporal depen-
dencies through lagged inputs may provide valuable context to improve 
forecasting accuracy.

To assess this, we tested the inclusion of 1, 2, 3, 4, 6, and 12 lags for 
both explanatory and NWP variables. The experiments were conducted 
using the combinations of explanatory variables that showed the best 
performance in the previous analysis.

Table  7 presents the MAE obtained for each configuration across 
varying numbers of lags, different sets of explanatory variables, and 
with or without NWP inputs. In the table, the results where adding lags 
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Table 6
MAE values (kW) for the LSTM model with and without NWP. The values 
marked with * indicate a significant difference (𝑝-value<0.05) between the 
models. The p-values are calculated using the Diebold–Mariano test. The best 
result is in bold. While W63 shows the most consistent improvements, the best 
model combines W62 with Wind Speed, Active Power and Air Pressure. 
 Explanatory variables No NWP W62 W63 W64  
 AP, APr 234.63 229.49 * 236.27 245.94  
 AP 235.79 250.05 232.68 * 233.72  
 WS, AP, APr 243.11 228.93 * 231.10 * 239.25 * 
 WS, AP 246.73 234.67 * 239.11 * 241.89 * 
 WS, APr, GS, AP 236.91 239.21 239.19 242.40  
 WS, APr, GS 260.13 263.09 243.21 * 260.88  
 WS 265.54 245.78 * 246.71 * 259.83 * 

significantly improved the model are marked with a dagger (†). The 
model was compared to the last model with fewer lags that achieved 
significant improvement; if no intermediate lagged model is significant, 
the comparison is made against the 0-lag specification. These improve-
ments were validated using the Diebold–Mariano test with a 𝑝-value 
threshold of 0.05.

The results indicate that adding a single lag tends to improve per-
formance in most cases. However, further increasing the number of lags 
does not result in additional benefits. The best overall performances are 
achieved with models that include one lag and explanatory variables 
such as wind speed, active power, and air pressure. Generator speed 
appears to contribute less consistently to prediction accuracy.

Table  7 also assesses the statistical significance of the improve-
ment provided by adding NWP variables to models with the same 
explanatory variables and number of lags. The cases where a significant 
improvement was achieved were marked with an asterisk (*). Among 
the NWP variables tested, W63 demonstrated the most consistent and 
significant impact across experiments.

Focusing on the experiments with one lag, W63 significantly im-
proved the results in all cases, while W62 and W64 each showed 
statistically significant contributions in four and three out of five con-
figurations, respectively. These findings confirm the benefit of incor-
porating temporal information, particularly when used in conjunction 
with relevant NWP variables.

5.3. Results across conventional ML models

This section examines the impact of incorporating NWP predic-
tors and lagged explanatory variables when employing conventional 
machine learning models. The experiments are conducted with Multi-
Layer Perceptron (MLP), XGBoost, Random Forest, and LightGBM, and 
are replicated both with and without NWP variables across different 
lag lengths. Complete results for all configurations are provided in 
Appendix.

Table  8 reports the percentage of cases in which adding one or 
more lags yields a statistically significant improvement according to 
the Diebold–Mariano test, relative to the relevant model with fewer 
lags. Overall, adding a single lag leads to consistent gains across all 
model families, with the highest incidence of significant improvement 
observed for MLP (75% of cases) and the lowest for LightGBM (46% of 
cases).

By contrast, including additional lags beyond the first appears to 
provide limited incremental benefit for most technologies. MLP is the 
only model showing a noticeable sensitivity to longer lag structures, 
where the inclusion of specific additional lags can lead to further 
improvements in up to 21% of cases.

Table  9 summarizes the percentage of cases in which the inclusion 
of the three NWP variables yields a statistically significant improve-
ment relative to the identical configuration without NWP predictors. 
For consistency and interpretability, this analysis is restricted to the 0-
lag and 1-lag specifications. The inclusion of NWP variables improves 

performance consistently across all technologies. The lowest incidence 
of significant improvement occurs for MLP (50% of cases). Finally, no 
single NWP predictor consistently dominates the others in terms of the 
frequency of significant improvements (see Fig.  5).

5.4. Comparison between forecasting models

Long Short-Term Memory (LSTM) networks are generally more 
complex than the alternative model classes considered in this study and, 
as a result, require higher computational resources and longer training 
and inference times.

The overall ranking of the best-performing configurations further 
highlights the competitiveness of LSTMs in this application. Among the 
50 best models, 36 correspond to LSTM variants, followed by 12 MLP 
configurations and 2 LightGBM configurations; moreover, the top 10 
models are all LSTM-based.

Table  10 presents the top 5 best performing configurations per 
model family. In terms of the best observed performance, the leading 
configuration is an LSTM model with an error of 224.22 kW. The best 
non-recurrent alternatives achieve slightly higher errors, with the best 
MLP at 232.56 kW, LightGBM at 236.25 kW, XGBoost at 242.11 kW, 
and Random Forest at 243.63 kW. All best performing models use NWP 
variables and most include 1-h lagged variables.

Overall, LSTM models consistently deliver the strongest predictive 
performance in this benchmark. Nevertheless, the remaining algorithms 
also provide competitive results and may be preferable in use cases 
where computational cost, implementation complexity, and operational 
constraints outweigh marginal gains in accuracy.

6. Feature attribution using SHAP values

This section complements the accuracy metrics by providing a 
model-based attribution analysis aimed at understanding how Numer-
ical Weather Prediction (NWP) features influence short-term power 
forecasts. Shapley Additive Explanations (SHAP) provide a principled 
feature attribution where a prediction is decomposed into additive 
contributions from each input feature relative to a baseline expectation. 
For a given instance, each SHAP value quantifies how much a feature 
increases or decreases the model output [44].

To analyze the impact of NWP predictors, we employ XGBoost 
models because of its good performance and its direct integration 
with SHAP. We select the top 10 performing XGBoost models using 
each of the three NWP variables and compute SHAP values for the 
corresponding feature sets.

Table  11 summarizes the contribution of the NWP variables, includ-
ing both the contemporaneous value and the one-hour lag (denoted 
by the suffix H-1). Across the analyzed models, the mean absolute 
SHAP value associated with the NWP variables ranges from 95 to 
130, which is significant when forecasting a target with a median 
value of 674. In relative terms, the mean SHAP contribution of NWP 
features corresponds to approximately 4%–6% of the total attribution 
magnitude across all explanatory variables, indicating that NWP predic-
tors are not negligible drivers of the forecast. Lagged NWP predictors 
are, on average, slightly less influential than their contemporaneous 
counterparts but still contribute meaningfully.

The variability of the lagged-attribution distributions is substantial: 
the standard deviation of the lagged NWP SHAP values is typically 
between 25% and 50% of the standard deviation observed for the 
corresponding non-lagged NWP feature, consistent with a secondary yet 
complementary informational role.

The dependence patterns in Fig.  6 provide additional insight into 
how NWP variables affect the forecast. The contemporaneous NWP 
features tend to have limited impact at low values, reduce the predicted 
output for median values, and increase the predicted output for large 
values. This behavior is consistent with a corrective role in the tails, 
where forecasting is typically more difficult, and errors are larger. 
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Table 7
MAE values (kW) for the LSTM model with and without NWP. Values marked with † denote a statistically significant improvement (𝑝-value <0.05) relative to 
the last model with fewer lags that achieved significant improvement; if no intermediate lagged model is significant, the comparison is made against the 0-lag 
specification. Values marked with * indicate a significant improvement (𝑝-value <0.05) compared to the No NWP counterpart. The p-values are calculated using 
the Diebold–Mariano test. Although using one-hour lagged variables yields to significant improvement, more lags does not lead to further improvement. The 
inclusion of any of the NWP variables leads to significant improvements. 
 Explanatory variables NWP 0 1 2 3 4 6 12  
 AP, APr No NWP 234.63 239.46 251.42 249.16 246.40 254.27 319.58  
 AP, APr W62 229.49 231.13 241.47 * 247.58 * 895.69 247.45 * 902.51  
 AP, APr W63 236.27 226.82 * 236.72 258.13 242.07 251.84 * 243.01  
 AP, APr W64 245.94 231.10 † 240.92 245.60 * 249.56 258.56 901.46  
 AP No NWP 235.79 237.44 239.21 239.83 245.71 251.42 249.94  
 AP W62 250.05 228.81 * † 243.64 250.03 249.05 244.19 318.84  
 AP W63 232.68 * 230.20 * † 242.23 245.85 243.60 * 251.07 * 902.91  
 AP W64 233.72 * 234.77 * 241.35 252.38 252.53 288.89 267.74  
 WS, AP, APr No NWP 243.11 233.28 † 248.52 250.13 241.59 253.03 902.78  
 WS, AP, APr W62 228.93 * 226.75 * † 241.10 * 252.02 243.29 251.06 * 253.05 * 
 WS, AP, APr W63 231.10 * 224.22 * † 238.37 * 252.89 251.78 901.70 902.27 * 
 WS, AP, APr W64 239.25 * 234.92 † 240.06 * 248.29 * 246.38 897.17 257.50 * 
 WS, AP No NWP 246.73 235.13 † 239.31 246.86 242.83 262.25 249.90  
 WS, AP W62 234.67 * 225.38 * † 234.04 * 241.26 * 248.85 247.05 261.79  
 WS, AP W63 239.11 * 230.26 * † 244.67 247.76 254.53 244.16 * 246.86 * 
 WS, AP W64 241.89 * 230.63 * † 245.72 250.40 243.31 251.94 * 254.66  
 WS No NWP 265.54 267.33 275.15 281.74 276.92 897.99 902.61  
 WS W62 245.78 * 256.14 * 262.23 * 263.72 * 274.60 * 901.39 272.35 * 
 WS W63 246.71 * 256.02 * 257.01 * 267.17 * 271.84 * 257.96 * 344.45  
 WS W64 259.83 * 255.95 * 254.78 * 259.83 * 261.49 * 273.24 * 285.14 * 

Fig. 5. Schema of inputs and outputs of the best forecasting model. The explanatory variables include Wind Speed, Active Power and Air Pressure combined 
with NWP variable W63. All variables are included both current and 1-h lagged. The algorithm used is LSTM to forecast Active Power.

Table 8
Proportion of Diebold–Mariano tests that resulted in statistically significant 
improvements (𝑝-value <0.05) when increasing the number of lags used as 
input features for each model. The table shows how including 1-h lagged 
variables yields improvements in the majority of cases, while more lagged 
variables do not seem relevant, except for the MLP algorithm.
 LSTM MLP Random forest XGBoost LightGBM 
 1 lags 0.55 0.75 0.61 0.57 0.46  
 2 lags 0.00 0.18 0.00 0.07 0.14  
 3 lags 0.00 0.21 0.07 0.00 0.04  
 4 lags 0.00 0.18 0.04 0.00 0.07  
 6 lags 0.00 0.21 0.00 0.07 0.00  
 12 lags 0.00 0.11 0.00 0.00 0.00  

By contrast, the one-hour lagged NWP features exhibit an opposite 
distributional pattern, suggesting that lagged information can partially 
counterbalance or refine the contemporaneous NWP contribution and 
help calibrate the net impact of NWP inputs across the feature range.

7. Performance time and computational resources

This section characterizes the computational resources and exe-
cution times associated with the proposed forecasting pipeline, with 
the objective of supporting reproducibility and informing deployment-
oriented trade-offs between accuracy and operational cost.

Table 9
Proportion of Diebold–Mariano tests that resulted in statistically significant 
improvements (𝑝-value <0.05) when including NWP wind speed as an input 
feature for each model. The inclusion of NWP variables yield to significant 
improvements in most of cases.
 LSTM MLP Random forest XGBoost LightGBM 
 NWP Lags  
 W62 0 lag 0.60 0.43 0.71 0.86 0.86  
 1 lag 0.80 0.57 1.00 1.00 0.86  
 W63 0 lag 0.80 0.43 1.00 0.86 0.86  
 1 lag 1.00 0.57 0.71 1.00 0.86  
 W64 0 lag 0.80 0.29 0.86 0.86 0.71  
 1 lag 0.60 0.71 1.00 1.00 1.00  

All experiments were executed on a CPU-only Linux server (ker-
nel 5.15.0-101-generic, x86_64, glibc 2.31) equipped with an Intel(R) 
Core(TM) i9-14900KF processor (single socket) and 125 GiB of RAM. 
Although the system provides 32 logical CPUs, each experiment was 
run using a single processor to ensure consistent and comparable 
runtime measurements across model configurations.

For every model, hyperparameters were tuned using Optuna with 
150 trials per configuration. Table  12 reports the percentile statistics 
of the duration required to complete a 150-trial for a specific technol-
ogy and variables configuration. Three runtime regimes emerge. First, 
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Table 10
MAE results (kW) for the top 5 performing configurations by model type. LSTM stands out with the best results, followed by the MLP. All models use NWP 
variables and most include 1-h lagged explanatory variables.
 LSTM MLP
 MAE Vars NWP Lags MAE Vars NWP Lags 
 1 224.22 WS, AP, APr W63 1 232.56 WS, APr, GS, AP W63 1  
 2 225.38 WS, AP W62 1 235.32 AP W62 1  
 3 226.75 WS, AP, APr W62 1 236.48 AP, APr W64 3  
 4 226.82 AP, APr W63 1 238.45 AP, APr W63 4  
 5 228.81 AP W62 1 238.45 WS, APr, GS, AP W62 2  
 Random Forest XGBoost
 MAE Vars NWP Lags MAE Vars NWP Lags 
 1 243.63 AP, APr W62 0 242.11 AP, APr W63 0  
 2 243.82 WS, AP, APr W63 0 242.97 WS, APr, GS, AP W62 1  
 3 245.94 AP, APr W63 0 244.11 AP, APr W62 1  
 4 246.35 WS, AP, APr W63 1 244.51 AP W62 2  
 5 246.95 AP, APr W62 1 244.55 AP W62 1  
 LightGBM
 MAE Vars NWP Lags  
 1 236.25 AP, APr W63 1  
 2 236.32 AP, APr W62 1  
 3 240.98 WS, APr, GS, AP W63 1  
 4 241.10 WS, APr, GS, AP W63 0  
 5 241.97 WS, AP, APr W64 0  

Fig. 6. Scatter plots NWP wind speed features against its corresponding SHAP values for the top-10 models per wind speed NWP source. Lagged variables are 
marked with H-1 and show a behavior opposite to the not-lagged variables.

Table 11
Summary of Wspeed NWP features’ importance across the top-10 models per 
windspeed NWP source. Importance is measured as the mean absolute SHAP 
value, and its share relative to the total mean absolute SHAP values across all 
features. Not lagged variables show slightly greater importance than lagged 
variables, and more variability.
 NWP Number of models Mean |SHAP| Std |SHAP| Mean relative SHAP 
 W62 10 117.9 69.1 0.057  
 W62 H-1 6 106.3 38.5 0.05  
 W63 10 103.5 65.4 0.048  
 W63 H-1 5 99.5 15.4 0.044  
 W64 10 127.3 78.9 0.059  
 W64 H-1 6 102.5 20.4 0.046  

gradient-boosted tree models (XGBoost and LightGBM) are the fastest, 
with 90% of searches completing between 20 s and 2 min. Second, 
MLP and Random Forest exhibit intermediate-to-high cost, with 90% 
of searches spanning approximately 4 min to 1 h 11 min. Third, LSTM 
hyperparameter searches are substantially more expensive, with 90% 
of searches requiring between 3 h and 11 h.

Once hyperparameters are selected, the operationally relevant cost 
reduces to model retraining time and inference latency. Table  13 

reports percentile statistics for LSTM training and inference. In this 
setting, LSTM training time lies between 1 and 9 min for 90% of cases, 
while the maximum inference time is 2 s for 7248 entries, indicating 
that inference has a limited impact on end-to-end latency.

Given the markedly higher cost of LSTM hyperparameter optimiza-
tion, a practical strategy is to identify a competitive hyperparameter 
set and retrain the model regularly while keeping hyperparameters 
fixed, performing full searches less frequently. Conversely, for faster 
model families (in particular XGBoost and LightGBM), hyperparameter 
searches can be repeated more regularly, depending on the operational 
use case and the available computational resources. Overall, infer-
ence time is negligible compared with training and hyperparameter 
optimization.

8. Conclusions and future work

This study conducted a series of experiments on an A5 MW turbine 
from the offshore wind farm Alpha Ventus. We analyzed the impact 
of different explanatory variables, the inclusion of numerical weather 
prediction (NWP) variables, and the use of lagged variables to pre-
dict next-hour wind power output. The performance was evaluated 
using a state-of-the-art recurrent neural network (Long Short-Term 
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Table 12
Training bayesian optimization duration percentiles by technology. LSTM stands out as the most computationally expensive algorithm to train. Gradient Boosting 
algorithms (XGBoost and LightGBM) are the fastest training algorithms.
 Total of runs 5th pct. 25th pct. 50th pct. 75th pct. 95th pct.  
 LSTM 148 3 h 15 m 5 h 5 m 7 h 9 m 8 h 53 m 11 h 6 m 
 LightGBM 196 32 s 38 s 46 s 54 s 1 m 30 s  
 MLP 196 5 m 2 s 8 m 40 s 12 m 11 s 16 m 21 s 29 m 7 s  
 Random Forest 196 4 m 56 s 10 m 40 s 20 m 23 s 35 m 56 s 1 h 11 m 
 XGBoost 196 24 s 29 s 44 s 1 m 1 s 1 m 56 s  

Table 13
LSTM training and inference time percentiles. The inference time is calculated 
for a batch of 7248 entries.
 Training time Inference time 
 5th pct. 1 m 1 s 1 s  
 25th pct. 2 m 0 s 1 s  
 50th pct. 3 m 8 s 2 s  
 75th pct. 4 m 29 s 2 s  
 95th pct. 8 m 9 s 2 s  

Memory, LSTM) alongside four established machine learning base-
lines: Multi-Layer Perceptron (MLP), XGBoost, Random Forest, and 
LightGBM.

A data recovery process was implemented using the XGBoost algo-
rithm and the theoretical wind power formula. Additionally, outliers 
in the dataset were identified and filtered using the Isolation Forest 
method. The NWP model employed in this study was ICON-2 (ICOsa-
hedral Nonhydrostatic D2), a publicly available and high-resolution 
physical model. The outputs used from this NWP model are the wind 
speed at three different heights (W62, W63 and W64).

Regarding explanatory variables, different combinations yielded 
better results depending on the specific experiment. Nevertheless, 
active power, the same variable targeted for prediction, proved to be 
useful in nearly all top-performing models. Wind speed and air pressure 
also played important roles in improving prediction performance.

The inclusion of NWP variables significantly enhanced model accu-
racy, with the best results obtained when NWP variables were included. 
Among them, W63 consistently led to the greatest improvements for the 
LSTM algorithm. This variable corresponds to the vertical level closest 
to the center of the wind turbine, which may explain its relevance. 
For the rest of algorithms, the inclusion of any of the three NWP 
variables led to significant improvement. In terms of lagged variables, 
although using one-hour lagged variables often yielded to significant 
performance improvement, including more lags seldom led to further 
significant improvements.

Finally, the LSTM architecture outperformed the baseline models. 
Despite its greater training complexity, the LSTM consistently delivered 
significantly better predictions, justifying the additional computational 
effort depending on the use case and the available resources.

These results demonstrate the effectiveness of the proposed forecast-
ing framework for the Alpha Ventus offshore wind farm. This enabled a 
controlled and detailed assessment of the interactions between explana-
tory variables, NWP inputs, lagged information, and different machine 
learning architectures. However, extending these findings to a broader 
international context is a crucial next step to ensure their general ap-
plicability. As offshore wind deployments continue to expand globally 
and higher-resolution NWP models and measurement systems generate 
increasingly rich datasets, machine learning is expected to play an 
even more prominent role in wind power forecasting. Future research 
should therefore evaluate the transferability of the proposed methodol-
ogy across offshore wind farms located in different geographical and 
climatic regions by incorporating globally recognized NWP systems 
such as the Global Forecast System (GFS) and the European Centre 
for Medium-Range Weather Forecasts (ECMWF) model. Applying the 

framework to sites with diverse turbine technologies, hub heights, 
and meteorological regimes, such as those found along the coasts 
of North America or East Asia would enable a rigorous assessment 
of model robustness, NWP feature relevance, and scalability. More-
over, the integration of advanced deep learning architectures, including 
attention-based, physics-informed, probabilistic, and transferable fore-
casting approaches, represents a promising direction for developing 
more universally robust wind power forecasting solutions capable of 
supporting the reliable large-scale integration of offshore wind energy 
into future power systems.
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Appendix. MLP, Random Forest, XGBoost, and LightGBM results

See Tables  A.14–A.17.
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Table A.14
MAE values (kW) for the MLP model with and without NWP. Values marked with † denote a statistically significant improvement (𝑝-value<0.05) relative to 
the last model with fewer lags that achieved significant improvement; if no intermediate lagged model is significant, the comparison is made against the 0-lag 
specification. Values marked with * indicate a significant improvement (𝑝-value<0.05) compared to the No NWP counterpart. The p-values are calculated using 
the Diebold–Mariano test. Using one-hour lagged variables yields to significant improvement, but adding more lags lead to further improvement in a few cases. 
The inclusion of any of the NWP variables leads to significant improvements.
 Explanatory variables NWP 0 1 2 3 4 6 12  
 AP, APr No NWP 255.96 241.64 † 249.59 245.89 250.58 247.52 249.36  
 AP, APr W62 250.65 * 244.25 243.83 239.95 246.37 243.14 * † 245.34 *  
 AP, APr W63 239.43 238.48 † 243.39 * 240.85 * 238.45 * † 242.82 * 241.85 *  
 AP, APr W64 1075.33 241.14 * † 247.87 236.48 238.73 * 243.25 * 241.55 *  
 AP No NWP 265.56 249.22 † 251.07 253.34 247.72 † 260.83 254.52  
 AP W62 243.45 * 235.32 * † 240.01 * 253.41 246.41 * 242.31 * 244.01 *  
 AP W63 244.03 * 242.21 * † 243.76 * 243.05 * 245.59 * 242.27 * 248.04 *  
 AP W64 245.10 * 240.73 * † 262.14 250.76 * 257.04 243.24 * 240.69 * † 
 WS, AP, APr No NWP 253.87 240.96 † 248.26 256.06 247.53 251.17 248.57  
 WS, AP, APr W62 248.99 * 242.31 † 243.10 * 246.37 * 242.14 * † 239.50 * † 247.15 *  
 WS, AP, APr W63 251.72 * 245.77 † 248.64 258.71 245.12 * † 240.93 * † 244.84 *  
 WS, AP, APr W64 251.02 * 242.34 243.63 * † 241.11 * † 252.83 242.74 * 246.69 *  
 WS, AP No NWP 250.52 257.01 252.77 250.47 † 250.97 246.39 † 247.90  
 WS, AP W62 261.71 244.04 † 247.98 * 253.15 241.61 * † 247.24 246.69 *  
 WS, AP W63 253.51 239.16 * † 239.36 * 242.92 * 243.61 * 244.66 * 253.90  
 WS, AP W64 258.72 245.89 * † 244.69 * † 246.34 * 249.03 * 243.04 * † 241.73 * † 
 WS, APr, GS, AP No NWP 246.52 250.90 253.29 246.52 † 252.71 261.06 258.69  
 WS, APr, GS, AP W62 252.26 242.77 * † 238.45 * † 260.49 254.40 240.80 * 241.21 *  
 WS, APr, GS, AP W63 262.16 232.56 * † 241.95 * 244.82 * 246.93 * 243.88 247.19 *  
 WS, APr, GS, AP W64 247.57 250.47 * 241.84 * † 245.08 * 249.73 250.57 * 244.45 *  
 WS, APr, GS No NWP 290.03 292.15 281.59 † 324.24 293.88 286.63 290.41  
 WS, APr, GS W62 293.87 276.06 * † 276.34 * 285.19 261.83 298.77 288.70 *  
 WS, APr, GS W63 287.43 270.86 † 296.98 262.35 * † 290.77 * 288.85 261.95 * † 
 WS, APr, GS W64 438.83 387.82 † 432.44 272.89 * † 277.93 * 270.38 * † 274.62 *  
 WS No NWP 277.23 304.74 284.28 277.01 † 327.75 304.16 282.49  
 WS W62 415.02 273.01 * † 278.72 * 284.74 418.26 290.00 * 290.95  
 WS W63 272.74 * 263.51 * † 294.59 265.08 * 281.62 * 418.41 381.68  
 WS W64 296.83 254.74 * † 288.87 283.73 410.23 281.03 * 288.91  

Table A.15
MAE values (kW) for the Random Forest model with and without NWP. Values marked with † denote a statistically significant improvement (𝑝-value<0.05) 
relative to the last model with fewer lags that achieved significant improvement; if no intermediate lagged model is significant, the comparison is made against 
the 0-lag specification. Values marked with * indicate a significant improvement (𝑝-value<0.05) compared to the No NWP counterpart. The p-values are calculated 
using the Diebold–Mariano test. Although using one-hour lagged variables yields to significant improvement, more lags does not lead to further improvement. 
The inclusion of any of the NWP variables leads to significant improvements.
 Explanatory variables NWP 0 1 2 3 4 6 12  
 AP, APr No NWP 261.15 259.24 † 261.12 258.88 † 259.32 260.61 260.12  
 AP, APr W62 243.63 246.95 * 249.23 249.40 * 249.65 * 252.54 * 253.67 * 
 AP, APr W63 245.94 * 249.24 250.78 251.14 251.74 * 252.74 * 255.89 * 
 AP, APr W64 247.34 252.18 * 254.14 * 254.28 * 252.99 * 255.11 * 256.28 * 
 AP No NWP 271.23 259.59 † 260.52 258.49 † 259.17 264.68 263.68  
 AP W62 249.01 * 248.48 * † 248.67 * 251.43 * 250.03 * 255.64 * 257.35 * 
 AP W63 253.68 * 250.73 * † 253.91 * 253.91 254.31 * 258.30 * 258.37 * 
 AP W64 260.18 * 256.83 * † 257.02 * 257.99 256.75 † 261.84 * 262.28 * 
 WS, AP, APr No NWP 259.43 257.44 † 261.22 261.10 263.39 268.49 263.59  
 WS, AP, APr W62 249.26 * 249.21 * † 252.71 * 254.19 * 254.98 * 258.13 * 257.92 * 
 WS, AP, APr W63 243.82 * 246.35 * 249.99 * 251.27 * 253.84 * 255.92 * 256.67 * 
 WS, AP, APr W64 247.38 * 248.97 * 252.73 * 254.89 * 255.60 * 260.46 260.15 * 
 WS, AP No NWP 269.76 263.81 † 267.63 266.59 268.36 273.45 268.27  
 WS, AP W62 255.81 * 253.52 * † 255.35 * 257.62 * 257.46 * 261.58 * 260.53 * 
 WS, AP W63 248.44 * 250.92 * 253.47 255.76 * 256.22 * 261.10 * 259.65 * 
 WS, AP W64 256.04 * 253.95 * † 258.66 * 261.17 * 260.14 * 265.55 * 264.33 * 
 WS, APr, GS, AP No NWP 260.28 259.50 † 260.10 261.20 264.25 264.89 264.41  
 WS, APr, GS, AP W62 252.25 * 250.55 * † 254.43 * 254.42 * 258.91 * 256.29 * 259.69 * 
 WS, APr, GS, AP W63 247.06 * 248.17 * 250.56 * 254.25 * 256.56 * 255.82 * 259.42  
 WS, APr, GS, AP W64 249.06 * 249.30 * 252.73 * 253.67 * 256.46 256.66 * 258.73 * 
 WS, APr, GS No NWP 275.46 272.36 † 278.09 281.26 283.12 285.48 284.75  
 WS, APr, GS W62 262.19 * 266.45 * 269.05 * 271.34 * 272.56 * 275.12 * 275.20 * 
 WS, APr, GS W63 252.94 * 257.34 262.92 265.34 * 268.08 * 271.61 * 271.21 * 
 WS, APr, GS W64 259.11 * 258.55 * † 266.17 267.02 * 269.95 276.42 * 275.67 * 
 WS No NWP 299.02 293.60 † 299.05 296.26 298.94 299.84 299.95  
 WS W62 274.06 278.05 * 281.11 * 280.75 * 279.34 * 281.74 * 281.85 * 
 WS W63 270.57 * 269.14 * † 272.41 * 276.21 275.12 * 279.05 * 279.98 * 
 WS W64 276.77 * 270.92 * † 276.50 * 277.68 * 281.50 * 280.79 * 285.75 * 
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Table A.16
MAE values (kW) for the XGBoost model with and without NWP. Values marked with † denote a statistically significant improvement (𝑝-value<0.05) relative to 
the last model with fewer lags that achieved significant improvement; if no intermediate lagged model is significant, the comparison is made against the 0-lag 
specification. Values marked with * indicate a significant improvement (𝑝-value<0.05) compared to the No NWP counterpart. The p-values are calculated using 
the Diebold–Mariano test. Although using one-hour lagged variables yields to significant improvement, more lags does not lead to further improvement. The 
inclusion of any of the NWP variables leads to significant improvements.
 Explanatory variables NWP 0 1 2 3 4 6 12  
 AP, APr No NWP 254.64 259.20 259.14 262.75 261.75 261.79 262.97  
 AP, APr W62 246.65 244.11 * † 244.66 247.25 * 247.07 250.46 * 250.56 * 
 AP, APr W63 242.11 * 244.96 * 245.04 252.04 * 249.41 254.72 * 253.20 * 
 AP, APr W64 245.70 245.79 * 247.78 * 248.43 249.68 252.52 * 253.75  
 AP No NWP 256.61 255.44 † 256.52 259.35 257.75 258.18 262.76  
 AP W62 248.60 * 244.55 * † 244.51 * † 248.86 * 246.37 * 250.43 * 249.78 * 
 AP W63 245.16 * 246.62 * 247.86 * 251.13 * 249.58 * 255.27 * 253.31 * 
 AP W64 249.24 * 248.90 * † 249.13 * 251.65 * 250.76 * 251.06 * 254.95  
 WS, AP, APr No NWP 261.61 261.58 † 265.42 264.81 265.74 265.42 267.16  
 WS, AP, APr W62 250.63 * 249.86 * † 250.44 * 251.57 * 256.00 * 255.17 * 258.08 * 
 WS, AP, APr W63 246.78 * 248.17 * 249.70 * 254.77 * 254.37 * 255.00 * 256.80 * 
 WS, AP, APr W64 252.19 * 248.53 * † 253.18 * 254.56 * 254.13 * 258.06 * 255.03 * 
 WS, AP No NWP 266.56 262.14 † 263.48 263.50 264.89 261.24 † 264.07  
 WS, AP W62 255.50 * 248.11 * 253.21 * † 254.41 * 256.87 * 253.06 * † 255.66 * 
 WS, AP W63 252.57 * 246.67 * † 252.67 258.11 * 255.65 * 259.22 * 258.57 * 
 WS, AP W64 255.23 * 251.08 * † 252.01 * 257.88 * 252.34 * 257.17 259.03 * 
 WS, APr, GS, AP No NWP 260.98 259.00 † 263.18 264.77 264.30 264.89 266.14  
 WS, APr, GS, AP W62 251.32 * 242.97 * † 251.28 * 257.96 * 256.47 * 260.04 * 254.49 * 
 WS, APr, GS, AP W63 247.70 * 244.73 * † 253.93 * 257.80 * 257.91 * 258.67 * 257.37 * 
 WS, APr, GS, AP W64 253.44 * 247.31 * † 253.82 255.45 * 253.20 * 255.94 * 258.85 * 
 WS, APr, GS No NWP 279.36 285.44 288.63 290.97 291.36 293.82 294.84  
 WS, APr, GS W62 261.00 * 264.93 * 270.51 * 277.50 * 275.95 * 279.20 * 279.72 * 
 WS, APr, GS W63 263.61 266.61 * 266.25 * 274.09 * 274.60 * 276.20 * 277.40  
 WS, APr, GS W64 261.09 * 267.83 * 268.50 * 274.92 270.71 * 278.98 * 277.51 * 
 WS No NWP 289.67 288.24 † 292.68 293.21 291.58 291.61 292.12  
 WS W62 271.80 * 271.62 * † 274.54 * 277.80 * 274.08 * 278.30 * 278.22 * 
 WS W63 264.50 * 269.69 * 272.97 * 275.95 * 275.82 * 280.50 * 278.71 * 
 WS W64 272.59 * 273.67 * 280.09 * 279.03 * 279.97 * 282.44 * 282.26 * 

Table A.17
MAE values (kW) for the LightGBM model with and without NWP. Values marked with † denote a statistically significant improvement (𝑝-value<0.05) relative 
to the last model with fewer lags that achieved significant improvement; if no intermediate lagged model is significant, the comparison is made against the 0-lag 
specification. Values marked with * indicate a significant improvement (𝑝-value<0.05) compared to the No NWP counterpart. The p-values are calculated using 
the Diebold–Mariano test. Although using one-hour lagged variables yields to significant improvement, more lags does not lead to further improvement. The 
inclusion of any of the NWP variables leads to significant improvements.
 Explanatory variables NWP 0 1 2 3 4 6 12  
 AP, APr No NWP 254.58 254.86 257.23 271.05 266.80 260.09 262.81  
 AP, APr W62 246.88 * 236.32 248.87 245.82 249.08 * 251.98 * 252.04 * 
 AP, APr W63 246.53 * 236.25 * † 249.79 250.27 * 250.26 257.61 256.99 * 
 AP, APr W64 246.19 244.60 * † 246.77 246.16 246.77 252.98 252.23 * 
 AP No NWP 255.98 256.31 260.00 257.95 267.24 268.27 261.94  
 AP W62 248.87 * 247.01 * † 247.99 * 250.98 * 251.26 * 251.30 * 253.51 * 
 AP W63 247.34 * 244.29 * † 246.14 * 252.50 * 262.71 * 259.69 * 257.43 * 
 AP W64 250.05 * 250.84 * 250.04 * † 251.35 * 250.87 * 250.38 * 253.84  
 WS, AP, APr No NWP 255.29 266.90 262.40 264.99 265.49 264.70 269.14  
 WS, AP, APr W62 247.54 * 246.27 * † 245.89 * † 251.66 * 251.14 * 256.92 * 259.81 * 
 WS, AP, APr W63 243.45 * 250.04 * 252.73 * 254.80 251.87 * 257.42 * 258.89 * 
 WS, AP, APr W64 241.97 * 244.55 * 249.90 * 249.17 * 254.98 * 253.46 * 256.40 * 
 WS, AP No NWP 264.86 265.45 265.66 279.78 264.05 † 265.44 268.66  
 WS, AP W62 250.50 * 254.42 * 248.18 * † 268.08 * 255.84 * 258.84 * 259.05 * 
 WS, AP W63 243.08 * 251.64 * 251.58 * 256.80 * 255.46 * 259.06 * 258.65 * 
 WS, AP W64 253.61 * 247.19 * 247.64 * † 259.07 * 252.58 * 268.60 258.75 * 
 WS, APr, GS, AP No NWP 260.57 259.57 † 266.18 271.81 264.21 267.52 268.64  
 WS, APr, GS, AP W62 247.51 * 242.57 * † 251.82 * 250.53 * 248.59 * 254.52 * 260.09 * 
 WS, APr, GS, AP W63 241.10 * 240.98 † 247.69 * 256.73 * 258.83 255.96 * 257.24 * 
 WS, APr, GS, AP W64 253.70 * 242.79 * † 249.41 * 251.32 * 252.19 * 256.05 * 258.83 * 
 WS, APr, GS No NWP 289.32 288.98 † 291.03 292.42 295.36 296.07 295.98  
 WS, APr, GS W62 265.43 266.08 * 268.54 * 275.83 * 276.21 * 273.72 * 277.50 * 
 WS, APr, GS W63 258.91 259.71 * 267.30 * 272.86 * 274.13 * 277.00 * 279.20 * 
 WS, APr, GS W64 270.08 * 258.46 * † 269.57 * 272.54 * 275.86 * 269.07 * 276.91 * 
 WS No NWP 290.67 290.99 300.33 293.71 293.52 293.93 304.73  
 WS W62 279.42 * 280.17 * 280.27 * 278.36 * † 276.68 * † 284.38 * 280.12 * 
 WS W63 270.73 * 270.59 * † 279.51 * 279.95 * 275.61 * 278.51 * 284.47 * 
 WS W64 272.04 269.97 * † 275.07 * 277.91 * 281.09 * 276.71 * 285.57 * 
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Data availability

The datasets used in this study are not publicly available due to 
distribution restrictions. The Alpha Ventus offshore wind farm data 
can be accessed through the RAVE platform. [14] Numerical Weather 
Prediction (NWP) variables from the ICON-D2 model are available via 
the Pamore database. [41] Access to both datasets requires compliance 
with their respective data use policies and licensing agreements.
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