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Abstract. Offshore wind energy is essential for the global transition to renewable energy.
Wind farms, such as those at Anholt and Westermost Rough, are crucial in providing clean
electricity. LiDAR (Light Detection and Ranging) and SCADA (Supervisory Control and Data
Acquisition) data are particularly valuable for understanding turbine behavior and predicting
energy output. Recent advancements in machine learning (ML) and artificial intelligence (AI)
have opened new possibilities for analyzing complex wind farm data. This study employs data-
driven techniques, specifically XGBoost and Long Short-Term Memory (LSTM) networks, to
enhance the analysis of LiDAR and SCADA data from the Anholt and Westermost Rough
offshore wind farms. Data-driven filters were applied to enhance the quality of input data,
thereby improving the accuracy of the models and reducing noise. XGBoost demonstrated
computational efficiency, training faster than Bi-LSTM while achieving an R2 of 0.97 for Anholt
and 0.86 for Westermost Rough. While Bi-LSTM successfully captured temporal dependencies,
it required significantly longer training times. RMSE and MSE results indicate that XGBoost
outperformed Bi-LSTM at Anholt by 6.3% and 12.2%, respectively, whereas both models showed
higher errors at Westermost Rough, likely due to data dependency. The residual analysis
confirmed tighter error distribution for Anholt, whereas Westermost Rough exhibited higher
prediction uncertainties. Wind speed loss analysis revealed that turbines in the selected rows
experienced variations, highlighting the impact of local turbulence on wind flow characteristics.

Keywords: floating Offshore wind, data-driven, LiDAR data, SCADA data, Bi-LSTM, XGBoost,
wind farm

1. Introduction
The transition to renewable energy has become a global priority, driven by the urgent need
to combat climate change and reduce dependence on fossil fuels. Offshore wind development
is rapidly expanding, offering sustainable energy solutions by harnessing stronger and more
consistent wind resources [1]. Wind power prediction is categorized into short-term, medium-
term, and long-term predictions based on the time scale analysis. Short-term wind power
prediction, typically 30 minutes to 6 hours, is important for optimizing wind farm operations
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and predicting energy generation [2]. It relies on different data sources, including meteorological
tower measurements of wind speed, direction, temperature, humidity, etc., at wind farm location
[3]. While atmospheric stability and turbulence significantly influence wind power generation,
their use in prediction models has been limited due to measurement challenges [4]. LiDAR (Light
Detection and Ranging) is a remote sensing technology that measures wind conditions [5]. Still,
its application in predictive wind power research is limited, especially in challenging weather and
terrain. Most prediction studies rely on SCADA (Supervisory Control and Data Acquisition) [6]
and meteorological tower data, focusing little on integrating LiDAR for short-term predictions.
A gap remains in evaluating LiDAR’s accuracy and its potential improvement of prediction
models when combined with SCADA data.

Most existing studies rely on short-term data (days to months) and focus on a small number of
turbines [7], while research using long-term data (>1 year) for large offshore wind farms remains
limited. This gap affects the reliability of wind power plant operation predictions and strategy
development. Machine learning models have gained traction in wind power prediction [8], but
prior studies have not fully leveraged integrated LiDAR and SCADA data, limiting their ability
to reduce uncertainty and enhance accuracy. To address these challenges, we developed short-
term wind power prediction models using Bi-LSTM [9, 10] and XGBoost [11] with LiDAR and
SCADA data. Bi-LSTM effectively captures temporal dependencies in sequential data, making
it well-suited for wind power prediction. Meanwhile, XGBoost efficiently handles structured data
and feature interactions, thereby enhancing predictive accuracy. We utilized offshore wind farm
datasets from Anholt (ANH) and Westermost Rough (WMR) to compare model performance
and assess generalization across different wind farms. The models were evaluated based on
training time, RMSE, MSE, and R2, providing insights into their accuracy and computational
efficiency. This study uniquely combines SCADA and LiDAR data, addressing limitations of
prior models that typically utilize only one data source for short-term wind power forecasting. In
addition to power prediction, the study also investigates wind speed loss through a comparative
analysis of LiDAR and SCADA measurements. This analysis offers insight into the effects of
local turbulence and discrepancies between sensor types, which directly impact feature quality
and model performance. The models developed in this study aim to enhance short-term (1-hour
ahead) power prediction by incorporating lagged and statistical features from historical SCADA
and LiDAR measurements, rather than relying solely on instantaneous wind-speed observations.
The paper is structured as follows: Section II presents the wind farms and datasets used in this
study, with a focus on the Anholt and Westermost Rough wind farms. Section III details
the methods employed, describing the XGBoost and Bi-LSTM models used for wind power
predictions. Section IV discusses the results and analysis, covering data filtering techniques,
power prediction performance, and wind speed loss. Finally, the findings are summarized,
highlighting the comparative performance of the models and their applicability to offshore wind
power prediction.

2. Wind farms and dataset
2.1. Anholt wind farm
The Anholt Offshore Wind Farm [12], situated in the Kattegat Sea between Djursland and the
island of Anholt, is one of Denmark’s largest offshore wind farms. Operational since 2013, it
comprises 111 Siemens Gamesa SWT-3.6-120 turbines, each with a capacity of 3.6 MW, totaling
approximately 400 MW. The wind farm layout is shown in Figure 1(a). The farm spans an area
of about 88 km², measuring approximately 20 km in length and 5 km in width, with water
depths ranging from 15 to 19 meters. It is roughly 15 km from Djursland to the southwest and
about 20 km from Anholt Island to the northeast. The project’s development was led by Ørsted
(formerly DONG Energy), with Siemens contracted to supply the turbines. The collected data
from this farm include LiDAR, buoy, and SCADA data; however, only LiDAR and SCADA data
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were used in this study.
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(b) Westermost Rough Wind Farm

Figure 1: Wind farm layout visualizations for Anholt and Westermost Rough. The wind roses
for these sites are also shown in their respective layout. LiDAR systems were installed at both
sites.

2.2. Westermost Rough wind farm
The Westermost Rough Offshore Wind Farm is located in the North Sea, approximately 8 km
northeast of Withernsea, off the Holderness coast in England. Covering an area of about 35
km2, the wind farm has an installed capacity of 210 MW, supplying electricity to over 150,000
households. The wind farm layouts are shown in Figure 1(b). The project was initially awarded
to Total in 2003 but was later taken over by DONG Energy (now Ørsted) in 2007. The farm
consists of 35 Siemens SWT-6.0-154 wind turbines, each with a capacity of 6 MW and a rotor
diameter of 154 meters. These turbines are supported by monopile foundations with diameters
of 6.5 meters and weights up to 800 tonnes. Construction began with the installation of the first
foundation in February 2014, and the wind farm became fully operational in May 2015. Although
not shown explicitly in Figure 1(b), a Leosphere WindCube LiDAR system was deployed at the
Westermost Rough site as well. LiDAR data collected at multiple heights were included in this
study alongside SCADA data, similar to the Anholt wind farm.

2.3. Dataset description and preprocessing overview
A comparison of key parameters for both wind farms is given in Appendix ’A’. We utilized
LiDAR and SCADA datasets provided by Ørsted for both the Anholt and Westermost Rough
wind farms. These datasets consist of raw LiDAR measurements, including wind speed,
direction, turbulence intensity, and environmental conditions recorded at multiple heights.
LiDAR systems from Leosphere WindCube were installed at both sites for wind assessment. The
data includes timestamps, external temperature, air pressure, relative humidity, and wind speed
parameters such as mean, dispersion, minimum, and maximum values. Additionally, the dataset
contains information on vertical wind speed, Doppler spectral broadening, and data availability
recorded at 12 different measurement heights. Wind direction correction was required for the
Westermost Rough dataset due to known sensor alignment issues and changes in configuration
during different measurement periods. Based on guidance from the data provider (Ørsted)
and cross-validation with reference trends, consistent directional offsets of +4 degrees and -129
degrees were identified and applied accordingly. Anholt data remained consistent and did not
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require correction. Since the raw data contains inconsistencies, preprocessing and filtering were
necessary to ensure accurate input features for wind power prediction. The SCADA data has
a temporal resolution of 10 minutes, while the LiDAR data is recorded at 1-minute intervals.
To align both datasets, LiDAR measurements were aggregated to 10-minute intervals using
statistical features (mean, min, max, and standard deviation). This ensured consistency between
data sources and avoided time misalignment in the training process. For model development,
the dataset was split chronologically into 80% training and 20% testing subsets. The split was
done after preprocessing, with care taken to prevent temporal overlap that could lead to data
leakage.”

3. Methods
To leverage the insights from these datasets, we employ advanced machine learning techniques,
namely XGBoost and Bi-LSTM, to improve short-term wind power predictions. The forecast
horizon used in this study is 1 hour ahead, consistent with short-term wind power prediction
objectives. Although the raw LiDAR and SCADA data are sampled at high frequency,
engineered features enable the models to learn temporal dependencies that are meaningful over
a 30-minute to 6-hour horizon. For both models, we selected a relevant subset of SCADA
and LiDAR parameters, focusing on wind speed (mean, min, max), wind direction, turbulence
intensity, and temperature. These were further processed to generate lagged features and rolling
window statistics (mean, standard deviation, sum) for 3, 6, and 12 time steps, as described
in Appendix B. XGBoost then performed its internal feature selection. At the same time, Bi-
LSTM used all engineered features directly. The implementations of XGBoost and Bi-LSTM
models used in this study are based on established Python libraries. Specifically, the XGBoost
model was developed using the xgboost [13] Python package, while the Bi-LSTM model was
implemented using TensorFlow and Keras frameworks [14]. Although the architectures were
tailored for this study’s forecasting objectives, the core components of each algorithm followed
standard library implementations. Relevant references to these libraries have been added.

3.1. XGBoost
Extreme Gradient Boosting (XGBoost) is a widely used machine learning algorithm for
classification and regression tasks, known for its efficiency and scalability. It is widely used for
classification and regression tasks due to its efficiency, scalability, and ability to handle structured
datasets effectively. XGBoost operates by constructing multiple decision trees sequentially,
where each tree attempts to correct the errors made by the previous trees. The final prediction
is obtained by aggregating the results from all trees using weighted averaging or majority voting.
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Figure 2: Schematic representation of the machine learning models. Depicting the iterative
boosting process for XGBoost and illustrating the flow of information in both forward and
backward directions for Bi-LSTM.

Figure 2(a) illustrates the fundamental concept behind XGBoost, where multiple weak
learners (decision trees) are iteratively trained on the dataset. Each tree is built based on
the residual errors of the previous trees, gradually improving model accuracy. The algorithm
assigns different weights to individual trees, optimizing the overall performance using an
objective function that minimizes error while incorporating regularization techniques to prevent
overfitting. A key advantage of XGBoost is its ability to efficiently handle missing data, feature
selection, and large-scale datasets. Additionally, it incorporates parallel processing, tree pruning,
and L1/L2 regularization to enhance model generalization. In wind power prediction, XGBoost
can learn from complex, high-dimensional data by capturing non-linear relationships between
wind characteristics and power generation.

3.2. Bi-LSTM
A bidirectional long short-term memory (Bi-LSTM) network, shown in Figure 2(b), is an
extension of the traditional LSTM architecture that improves the model’s ability to learn
from sequential data by processing information in both forward and backward directions.
Unlike standard LSTM, which only retains past dependencies, Bi-LSTM consists of two LSTM
layers: one that processes the input sequence in the forward direction and another in the
reverse direction. This structure enables the network to capture both past and future context
simultaneously, enhancing performance in time-series prediction and sequence modeling tasks.
The forward layer receives the input sequence in its original order, while the backward layer
processes the sequence in reverse. The outputs of both layers are then concatenated or combined
before passing through the subsequent layers of the network. This bidirectional mechanism
allows the network to extract richer contextual information, making it particularly useful in
wind power prediction, speech recognition, and natural language processing applications. By
leveraging past and future dependencies, Bi-LSTM enhances predictive accuracy, especially in
cases where sequential dependencies are not strictly unidirectional. A summary of the model
implementation is given in Appendix ’B’.

4. Results and discussion
4.1. Data filtering
The raw datasets from the Anholt and Westermost Rough wind farms contain missing values
and outliers due to various external factors, including sensor malfunctions, adverse weather
conditions, and transmission errors. A rigorous data filtering and preprocessing approach
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was necessary to ensure the reliability of data for wind power prediction. The LiDAR and
SCADA datasets include multiple measurement parameters recorded over extended periods,
often containing gaps or erroneous readings. Interpolation techniques were applied to address
missing values, including linear and nonlinear methods, ensuring continuity in the time-series
data. Outlier detection methods were also employed to identify and remove anomalous values
that could distort the predictive models. The data underwent normalization to scale input
features to a uniform range, reducing bias in model training. Furthermore, wind direction
measurements from Westermost Rough required corrections based on predefined offset values to
ensure consistency across datasets. Through these preprocessing steps, we transformed raw wind
farm data into a structured format suitable for machine learning models, improving prediction
accuracy while preserving the integrity of wind characteristics essential for short-term prediction.

4.2. Wind power prediction
The power prediction for the Anholt wind farm (shown in Figure 3(a)) using XGBoost
demonstrates a strong alignment between the predicted and actual values over the observed time
series. The predicted power output follows the actual fluctuations, capturing the general trend
with minimal deviation. However, some discrepancies can be observed during rapid transitions
in power output, where the model slightly lags or overestimates specific peaks. This suggests
that while XGBoost effectively learns the nonlinear relationships in wind power generation,
further tuning or feature engineering may improve predictive accuracy in transient conditions.
The power prediction for the Westermost Rough wind farm, shown in Figure 3(b), also closely
matches predicted and true values, with the model successfully capturing overall variations
in wind power output. Similar to Anholt, the model performs well in stable conditions but
shows minor deviations during sharp power changes. The data was normalized according to the
requirements of the data provider, Ørsted, to comply with privacy regulations and ensure the
secure handling of sensitive information.
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Figure 3: Power prediction using XGBoost model (a) Anholt wind farm (b) Westermost Rough
wind farm. The predicted power output is compared against the true values recorded by the
SCADA system.

The Bi-LSTM model for the Anholt wind farm (Figure 4(a)) shows strong predictive
performance, closely tracking true wind power values and capturing general trends. However,
minor deviations occur during rapid transitions due to its reliance on sequential dependencies.
Similarly, for Westermost Rough (Figure 4(b)), Bi-LSTM effectively learns temporal patterns,
though discrepancies arise during sharp power changes, suggesting a need for additional features
or hybrid modeling. Additionally, a systematic underestimation is observed at high power
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levels, particularly near peak output. This can be attributed to the model’s training dynamics
with MSE loss, which tends to prioritize accuracy across the full data range, often at the
expense of extremes. Wang et al. [2] also observed that RNN-based models such as LSTM
may systematically underestimate extreme output values due to the smoothing bias introduced
by the MSE loss, which aligns with our observation. Compared to XGBoost, Bi-LSTM
better captures long-term dependencies, while XGBoost excels in feature selection and fast
computation. However, Bi-LSTM is more computationally intensive.
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Figure 4: Power prediction using Bi-LSTM model (a) Anholt wind farm (b) Westermost Rough
wind farm

4.3. Model performance
Figure 5(a) compares the training time for Bi-LSTM and XGBoost models across both wind
farms. Bi-LSTM takes significantly longer to train, with Anholt and Westermost Rough models
requiring 77.54 s and 45.33 s, respectively.



EERA DeepWind Conference 2025
Journal of Physics: Conference Series 3131 (2025) 012031

IOP Publishing
doi:10.1088/1742-6596/3131/1/012031

8

BiLSTM_ANH BiLSTM_WMR XGB_ANH XGB_WMR
0.00

10.00

20.00

30.00

40.00

50.00

60.00

70.00

80.00

Ti
m

e 
(s

)

77.54 s

45.33 s

0.33 s 0.23 s

Training Time Comparison (Seconds)

BiLSTM_ANH BiLSTM_WMR XGB_ANH XGB_WMR
0

100

200

300

400

500

600

700

800

R
M

SE

289.13

794.98

270.91

802.73

RMSE Comparison

BiLSTM_ANH BiLSTM_WMR XGB_ANH XGB_WMR
0

100000

200000

300000

400000

500000

600000

M
SE

83598.79

631986.84

73389.62

644369.46

MSE Comparison

BiLSTM_ANH BiLSTM_WMR XGB_ANH XGB_WMR
0.0

0.2

0.4

0.6

0.8

1.0
R

² S
co

re
0.96

0.86

0.97

0.86

R² Score Comparison

Model Performance Comparison

(a) (b)

(c)
(d)

Figure 5: Model performance metrics across Bi-LSTM and XGBoost for Anholt and Westermost
Rough wind farms (a) Training time (b) RMSE comparison (c) MSE comparison (d) R2 score
comparison

In contrast, XGBoost is computationally efficient, with training times of only 0.33 s and 0.23
s. This highlights Bi-LSTM’s complexity in handling sequential dependencies, whereas XGBoost
provides faster model training, which is beneficial during model development and tuning. While
real-time applications primarily rely on inference speed, short training times enable efficient
experimentation, hyperparameter optimization, and potential periodic retraining in operational
pipelines. Figure 5(b) presents the Root Mean Square Error (RMSE) values, where lower values
indicate better predictive accuracy. For Anholt, Bi-LSTM achieves 289.13, slightly higher than
XGBoost’s 270.91. However, for Westermost Rough, both models perform worse, with Bi-LSTM
at 794.98 and XGBoost at 802.73. The performance degradation at Westermost Rough suggests
increased variability impacting prediction accuracy. Mean Square Error (MSE) results (shown
in Figure 5(c)) are consistent with the RMSE trends. Bi-LSTM achieves an MSE of 83,598.79 at
Anholt, slightly higher than XGBoost’s 73,389.62. At Westermost Rough, MSE is significantly
larger for both models, with Bi-LSTM at 631,986.84 and XGBoost at 644,369.46, indicating
higher prediction uncertainty at this site. Figure 5(d) illustrates the R2 scores, where values
closer to 1 indicate better model performance. For Anholt, Bi-LSTM achieves an R2 of 0.96,
while XGBoost slightly outperforms at 0.97. However, Westermost Rough’s models perform
similarly, with an R2 of 0.86, indicating moderate predictive capability.

Figure 6 presents the residual distributions for Bi-LSTM and XGBoost models at the
Anholt and Westermost Rough wind farms. The residuals represent the differences between
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predicted and actual wind power values, with a more concentrated and symmetric distribution
around zero, indicating better model performance. For Anholt, both Bi-LSTM (Figure 6(a))
and XGBoost (Figure 6(c)) show relatively symmetric residual distributions, suggesting good
predictive performance with minimal systematic bias. However, Bi-LSTM appears to have
slightly lower dispersion, indicating better error control. For Westermost Rough, Bi-LSTM
(Figure 6(b)) and XGBoost (Figure 6(d)) exhibit a wider spread of residuals, reflecting higher
prediction uncertainties. The larger residual range for both models suggests greater challenges
in predicting wind power at this site.
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Figure 6: Residual distribution plots for Bi-LSTM and XGBoost models applied to the Anholt
and Westermost Rough wind farms. (a) Bi-LSTM at Anholt (b) Bi-LSTM at Westermost Rough
(c) XGBoost at Anholt (d) XGBoost at Westermost Rough.

4.4. Wind speed loss
Accurate feature representation is critical for predictive modeling, particularly when integrating
multi-source datasets such as LiDAR and SCADA. To assess data consistency and identify
potential biases, we analyzed wind speed differences (SCADA @90 m – LiDAR @85.6 m LAT)
across individual turbines in two selected rows at the Anholt wind farm. The results, shown in
Figure 7, highlight the spatial variability of wind speed discrepancies within the farm.

In Row 1 (Figure 7 (a)), significant variation in mean wind speed differences is observed.
Turbines such as A01, G01, and J01 exhibit the highest positive differences, reaching up to
0.86 m/s, suggesting that SCADA measurements reported consistently higher wind speeds
than the LiDAR reference at these locations. Conversely, turbines like I01 and F01 show
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negative differences, with I01 reaching –0.27 m/s, indicating local flow anomalies or potential
underestimation by SCADA data. Overall, the spread ranges from approximately –0.27 m/s
to 0.86 m/s, underscoring localized effects such as wake interactions, terrain-induced flow
variability, or measurement misalignments.

In Row 2 (Figure 7 (b)), fewer turbines were analyzed, yet the trend of spatial variability
persists. While turbine A17 shows a small positive bias (0.24 m/s), turbines C12, F11, and P13
display significant negative differences, with C12 experiencing the largest drop at –0.68 m/s.
This consistent under-reporting by SCADA relative to LiDAR in this row could be indicative of
complex flow structures or positioning effects relative to the LiDAR device. These observations
highlight the importance of turbine-specific analysis when integrating LiDAR and SCADA
datasets. The presence of both positive and negative differences across the farm emphasizes the
influence of local turbulence, flow obstructions, and instrumentation sensitivity. Such insights
are crucial for enhancing model input quality and, ultimately, the reliability of short-term power
predictions.

(a) Turbine row 1

(b) Turbine row 2

Figure 7: Wind speed loss analysis for two selected turbine rows in the Anholt Offshore Wind
Farm, comparing LiDAR and SCADA measurements (a) Turbine row 1 (b) Turbine row 2

5. Conclusions
This study explored the application of data-driven models, specifically XGBoost and Bi-LSTM,
for short-term wind power prediction using LiDAR and SCADA datasets from the Anholt and
Westermost Rough offshore wind farms. The results demonstrated that both models effectively
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captured wind power variations, with XGBoost excelling in computational efficiency and Bi-
LSTM better handling sequential dependencies. XGBoost achieved high predictive accuracy
with lower training time, making it suitable for real-time applications. Bi-LSTM, leveraging its
bidirectional architecture, provided improved performance in learning temporal dependencies
but required significantly higher computational resources. These findings emphasize the
variability in wind speed loss across different turbine locations, influenced by local turbulence
and measurement uncertainties.The obeserved discrepancies between LiDAR and SCADA data
can introduce noise and bias in model training, reducing prediction accuracy. By improving data
consistency and optimizing model hyperparameters, the prediction model learns more reliable
patterns. This leads to more accurate short-term forecasts, enabling better turbine scheduling,
reduced energy loss, and improved overall wind farm efficiency. This ongoing research aims to
integrate more variables and develop hybrid deep learning approaches to improve offshore wind
power prediction accuracy and efficiency.

Appendix: A - Comparative table of key parameters for the Anholt and
Westermost Rough wind farms:

Parameter Anholt Westermost Rough

Location Kattegat, Denmark North Sea, UK, 8 km off Yorkshire coast

Number of Turbines 111 35

Turbine Capacity (MW) 3.6 6 

Total Capacity (MW) 400 210 

Rotor Diameter (m) 120 154 

Hub Height (m) 81.6 102 

Wind turbine foundation Monopile Monopile

Water Depth (m) 15-19 16 – 20 

Distance to Shore (km) 15 10

Commissioning Summer 2013 Q1 2015

Appendix: B - Summary of Models:
XGBoost Model
• XGBoost regressor with:

– 100 estimators.
– Learning rate of 0.1.
– Maximum depth of 5.
– Random state set to 42.
– Custom weighted MSE loss function.

Feature Engineering
• Lagged features up to 12 time steps for wind speed and power data.

• Rolling window statistics (mean, standard deviation, sum) for 3, 6, and 12 time-step
windows.

• These engineered features allow the model to leverage historical trends and fluctuations
over time windows that span 30 minutes to several hours, thus addressing the short-term
prediction goal despite the high-frequency nature of the original input data.
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Bi-LSTM Model
• A bidirectional LSTM model with three stacked LSTM layers.

• First layer: 128 units, ReLU activation, return sequences enabled.

• Second layer: 64 units, ReLU activation, return sequences enabled.

• Third layer: 32 units, ReLU activation.

• Two dropout layers (0.2) for regularization.

• Dense layer with 64 neurons and ReLU activation.

• Output layer with a single neuron using ReLU activation.

• Optimized with Adam and a custom weighted MSE loss function.
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