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Abstract

The aim of the project discussed in this thesis was to find a modular and in-
terpretable method for wind power forecasting from wind forecasts, a relevant
problem for environmental, management and monetary reasons. In particular,
our approach, supported by the literature, strove to employ two major strategies.
The first was to use probabilistic forecasting, as it is more informative and com-
plete than its point counterpart, with all the necessary attention to the problem
of how to evaluate its performance. The second was to introduce a recalibration
of the wind speed forecasts and then, from its output, to predict the wind power.
This two-step model aimed at providing more modularity and interpretability to
the process.
Our case study was a wind farm modeled as a virtual turbine, of which we knew
the wind speed and power. Focusing therefore on the former, we analyzed our
dataset, which comprised the measured wind speed and twenty wind speed fore-
casts, and identified its most prominent issues, which we tried to mitigate by
reducing the dataset to a subset of selected features that would be necessary in
the recalibration phase. Then, considering the latter, we performed data clean-
ing and found the power curve via a linear generalized additive model using the
measured wind speed versus the power from a TSO dataset.
We subsequently looked for the best possible model, in terms of performance
and reduction of the dimensionality of the covariate space, for the recalibration
phase. We chose, after various trials, a lasso quantile regression, which was com-
pared to the marginal model to assess its quality.
Having obtained the recalibrated wind speed and the power curve, we predicted
the wind power in two steps: first applying the lasso quantile regression to the
wind speed forecasts, and then feeding the recalibrated wind speed as input to
the power curve. We compared our approach to a direct method and found their
performances to be equivalent, a result we considered satisfactory, as our project
reached adequate performance while also being more scalable and informative.
Moreover, modeling the wind farm as a single comprehensive turbine proved
effective, non-negligibly reducing the complexity of the problem.



Chapter 1

Introduction

1.1 Context and project aim

As renewable energy takes on a bigger role in today’s energy landscape, the need
for accurate wind power forecasting has significantly increased, given its impor-
tance for the correct operation of the power system.
The intermittency and randomness of wind energy cause fluctuations in the out-
put, which affect the management of the network (encompassing tasks such as
grid scheduling and load balancing), and also raise difficulties for bidding on the
energy market. This can lead to demand issues and monetary losses. It is also
worth reiterating the importance of wind power in this day and age and its role in
the clean energy transition, since it contributes to minimizing reliance on fossil
fuels (Liu et al. (2025)).

This leads us to the aim of our work, that is, a comprehensive and interpretable
approach to achieving wind power forecasting from wind speed forecasts, with
the additional challenge of making it as modular as possible.
In particular, we have two main objectives. The first is to use probabilistic fore-
casting instead of its point counterpart. As the latter tends to be the more com-
mon strategy employed in such cases, we aim to go one step further and use the
former, since it does not just predict a value, but also its distribution, thereby
adding insight into the confidence of the model and the uncertainty of the fore-
cast. Hence, since this is a more complex approach, assessing its performance
becomes a challenging task, one that we tackled using specific metrics, with the
added difficulty of interpreting their results (Gneiting et al. (2007)). By manag-
ing these matters, we strive to achieve a more informative and comprehensive
model.
Our second objective is to use an indirect approach, that is, to first recalibrate
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the wind speed from the forecasts and then, from the output of this first step, to
predict the actual power by building a power curve, instead of directly predicting
the power from the forecasts. This is meant to attain an approach that is, first of
all, more interpretable than a black-box solution, and also more modular, as the
two steps are connected yet independent and can be fitted to different wind farms
without disrupting the overall method.

1.2 Case study

In this project, our case study was a specific wind farm, for which we had data on
actual power, wind direction and wind speed for each turbine, along with wind
speed forecasts in five grid points (P1-P5) of the farm at 10, 50, 80 and 100 me-
tres. These forecasts have a horizon of 48 hours, and two runs were considered
to ensure full coverage of the target day T, one from day T-2 for data between
00:00–17:59 and the other from day T-1 for data between 18:00–23:59.

Figures 1.1 and 1.2 show two snapshots of the wind farm at different timestamps,
to better illustrate our scenario and the information at our disposal. In particular,
on the axes we have the direction from which the wind blows, divided into the
West-East component on the x-axis (where West is negative and East is positive)
and the South-North component (where South is negative and North is positive).
The absolute distance from zero is the wind speed, and each dot represents the
wind direction and speed for a given turbine.
Just from these two snapshots we can see that the values can be widespread, as
in figure 1.1, or more condensed, as in figure 1.2, but with some turbines still
diverging from the rest. This kind of behavior may be difficult to model consis-
tently, as it may stem from a number of possible phenomena.
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Figure 1.1: First snapshot of wind direction and speed for each turbine

Figure 1.2: Second snapshot of wind direction and speed for each turbine

Therefore, to obtain a better representation of the problem, we also built a
virtual turbine, created with the objective of representing the whole farm as a
single turbine with its own wind speed, direction and power (this was obtained
by computing the circular median of each feature). We focused on modeling this
virtual turbine, through its wind speed and power output, to gain a global under-
standing of the farm, with its complexity reduced to improve the interpretability
of the results.
To do so we employed the Python programming language along with various
packages that will be mentioned where appropriate.
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1.3 Chapter content

More specifically, this thesis is organized as follows:

• In chapter two we expand on the literature regarding wind power fore-
casting; we focus on the general problem and the viable solutions to tackle
it, along with the related models. We also discuss whether point or prob-
abilistic forecasting is preferable for predicting power, and we explore the
advantages of employing a recalibration technique.

• In chapter three our dataset for the prediction of wind speed is thoroughly
examined, with a focus on the features and the target variable. We then
proceed with our data analysis, focusing on the possible issues arising from
the dataset and conducting a correlation study, which leads to a new dataset
comprising selected features. The latter is then the starting point for the
models we employed for the recalibration.

• In chapter four we consider the dataset constructed to predict power from
the measured wind speed. We plot our raw data and then clean it in order
to obtain a better model. The power curve is therefore fitted via a linear
generalized additive model, ready to be used in the second step of our
approach.

• In chapter five we delve into the recalibration phase. In particular, we
look for a viable model and, after various trials and a general performance
assessment among the candidate models, we choose a lasso quantile re-
gression. The latter is implemented and its metrics are computed for a
final comparison with the marginal model.

• In chapter six the power is actually predicted, using the recalibrated wind
speed from the lasso quantile regression and the power curve obtained
through the linear generalized additive model. Its metrics are computed
and compared to those attained via a direct method, which we built to
evaluate our results.

4



Chapter 2

Wind power forecasting

2.1 Chapter overview

In this chapter we lay the foundation for how the problem of wind power fore-
casting is treated in the state of the art and what methods are usually employed.
It also addresses the advantages and disadvantages of point versus probabilistic
prediction, as well as the use of recalibration.

2.2 Wind power forecasting methods and approaches

2.2.1 Scope of the problem

In recent years the problem of wind power forecasting has been thoroughly dis-
cussed, with a variety of possible methodologies proposed to tackle it, whose
merits have been considered in the literature.
Given the uncertainties and fluctuations in wind speed and the dependency on
features such as geographical and environmental conditions, local terrain char-
acteristics, temporal effects and seasonal patterns, wind power management can
be challenging for distribution networks, creating issues in balancing the sup-
ply and demand of energy. Moreover, wind power forecasting is vital for wind
farm maintenance, unit commitment planning and profit maximization for power
traders.
It is therefore necessary to reduce the risk associated with these uncertainties and
to deliver accurate predictions.
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2.2.2 Point and probabilistic prediction models

Various procedures have been employed to do so, spanning a spectrum from per-
sistence methods to neural networks. The former are usually used as a reference,
as they predict that future power will equal the value measured in the present,
with the added advantage of not requiring parameter evaluation or external vari-
ables (De Giorgi et al. (2011)). Greater complexity can be found in physical
methods, which rely on physical characteristics and mathematical models; these
are, however, computationally demanding (Zhang et al. (2019)).
With regard to statistical methods, models range from time series (Zhao et al.
(2016)) to various types of neural networks, such as Adaptive Wavelet Neu-
ral Networks (Jyothi and Rao (2016)), Elman Neural Networks (Xu and Mao
(2016)) and Back Propagation Neural Networks (Chang (2013)). Lastly, hybrid
methods combining neural networks and logic models have been used to exploit
the advantages of each technique and improve overall accuracy (Hong and Ri-
oflorido (2019)). All of these models are usually assessed using metrics such
as root mean squared error, mean absolute error and mean absolute percentage
error, and rely on point forecasting to produce their results.
Concerning probabilistic forecasting, there are two main strategies: the first con-
sists of directly modeling the distribution (by making hypotheses on its shape),
while the second derives the approximate distribution from point forecasts and
their associated errors (Serafin and Uniejewski (2024)); examples of these ap-
proaches are historical simulation (Maciejowska et al. (2024)) and quantile re-
gression averaging (Nowotarski and Weron (2015)). Pinball loss and empirical
coverage are usually employed for their evaluation.

2.2.3 Point versus probabilistic forecasting

In the literature, the debate between point and probabilistic prediction tends to
lean towards the probabilistic approach. While the former aims to predict a sin-
gle value, namely the most likely one according to the chosen metric, the latter
aims to predict the expected distribution of that value, defining the interval within
which the true value of the response variable is expected to fall with a given prob-
ability (Amat Rodrigo and Escobar Ortiz (2024)). Probabilistic forecasting can
be seen, for specific metrics such as the mean absolute error, as a generalization
of point prediction: in quantile regression, median regression is the point forecast
associated with the 0.5 quantile, which is a special case of the aforementioned
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probabilistic prediction. It therefore provides additional information about the
confidence of the model and the uncertainty of the prediction.
Yet evaluating its performance is still something that needs to be more fully
defined, and it is considerably less straightforward. On the other hand, the met-
rics used to evaluate point prediction, despite providing a comparable and inter-
pretable result, yield different outcomes when optimized, leading one to wonder
which metric is the right one.
Lastly, quantiles, which are often used to represent the probabilistic forecast
instead of the CDF (Tibshirani (2023)), enjoy the property of equivariance to
monotone transformations (Koenker (1998)), meaning that the order in which
a strictly increasing transformation is applied and the quantiles of the data are
computed does not matter; however, this does not hold for expected values.

With respect to our specific problem, studies have shown that probabilistic wind
power forecasting is much more informative than its conventional counterpart
and can be useful in cases involving volatile wind power (Zhang et al. (2014)).
In particular, the quantiles of the conditional predictive distribution are consid-
ered to be related to the optimal decision for a large family of decision problems,
as noted by Gneiting (2011). This provides a solid foundation for the application
of probabilistic wind power forecasting.
Additionally, probabilistic forecasting is valuable for its ability to predict the
probability of extreme events and, when issued on consecutive days, tends to be
more consistent (Buizza (2008)). The disadvantages of deterministic solutions
in our case, instead, relate to the statistical distribution of the power as its vari-
ance is usually heteroscedastic. The power distribution is also asymmetric, with
a tail skewed to the right for low power and one skewed to the left for high power
(Capelletti et al. (2024)).

2.2.4 Recalibration in wind power forecasting

Another point of divergence between techniques concerns whether to use a direct
or an indirect method.
In a direct method, the original features of the dataset, such as wind speed
forecasts, wind direction and other weather conditions, are fed directly into the
model. By doing so, most of the work is left up to the algorithm, including han-
dling the non-linearity of the power curve. Given the intricacy of modeling such
information, statistical methods can prove inadequate, and as a result complex
machine and deep learning models are needed (Rajaperumal and Christopher
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Columbus (2025)). Moreover, these approaches tend to be resource intensive
and less interpretable.
The indirect approach, conversely, consists of two main phases: first the original
features are recalibrated, and second, after the power curve has been estimated,
the power of the wind farm can be predicted by feeding it the recalibrated fea-
tures as input. This approach can be more beneficial for wind power forecasting,
as noted by Capelletti and De Nicolao (2025). Since features such as local ter-
rain attributes, atmospheric stability and turbine wake effects interact with the
validity of the wind speed forecast, recalibrating it can minimize the difference
between the forecast and the actual value.
In particular, some practical benefits of recalibrating the wind speed forecast
are the enhancement of operational decisions and increased general applicabil-
ity. The former concerns the advantages of having a reliable forecast to reduce
the uncertainty of tasks such as planning maintenance windows, ensuring grid
stability and handling power purchase agreements. The latter concerns how re-
calibration can address issues such as partial sensor coverage or sporadic data
quality.
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Chapter 3

Data

3.1 Chapter overview

In this chapter we present the preliminary data analysis that precedes the re-
calibration phase of our model. The primary dataset is described along with its
possible issues, which lead to a correlation study and the reduction of the original
dataset, along with its own correlation matrix. Lastly, we draw our conclusions
and consider the following steps.

3.2 Wind farm data

For this section, the main dataset we used followed the concept of a virtual tur-
bine, that is, a representation of the entire wind farm and all of its turbines as
a single comprehensive one, obtained by computing the circular median of the
features. The focus of this part is not particularly on direction, but rather on
the wind speed forecasts. Moreover, the power will be considered later, in ac-
cordance with the indirect approach to wind power forecasting, as this part is
propaedeutic to the first phase of our model.

3.2.1 Wind speed dataset

In particular, the resulting dataset [Figure 3.1] comprises the following columns:

• the timestamp, that is the date and time in UTC format

• the circular median of the measured wind speed in m/s (the target vari-
able of the recalibration phase)
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• the forecasts of the wind speed in m/s in the five grid points (P1-P5) of
the farm at the heights of 10, 50, 80 and 100 metres (the predictors for the
recalibration phase).

Figure 3.1: Wind speed dataset

Both the chosen regressors and the actual values suggest redundancy in the
given information and a strong possibility of collinearity.
Accordingly, we conducted an exploratory analysis of the data.

3.2.2 First correlation matrix

Our first step in the exploratory study was to compute and plot the correlation
coefficients between the variables [Figure 3.2]. One can easily notice the strong
correlation among them, which supports the possibility of collinearity.
A closer examination reveals a checkerboard pattern: in particular, wind speed
forecasts at 50, 80 and 100 metres have higher correlation coefficients with all
the others compared to the forecasts at 10 metres. This could suggest that the
wind speed forecasts at 10 metres hold additional information with respect to the
others, and vice versa, leading one to think that weeding out some of the features
would be beneficial to the problem.
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Figure 3.2: Correlation matrix of wind speed dataset

3.3 Data cleaning

3.3.1 Reduced wind speed dataset

Considering the previous findings, we chose to build a reduced dataset [Figure
3.3], comprising the timestamp, the median of the measured wind speed, and the
forecasts of the wind speed in the five grid points of the farm at the heights of 10
and 80 metres from the original dataset. The first height was chosen due to its
weaker correlation with the others, and the second because it was considered the
most representative of 50, 80 and 100 metres. The resulting dataset is therefore
more interpretable while still retaining the information needed for our problem.
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Figure 3.3: Reduced wind speed dataset

3.3.2 Second correlation matrix

A second correlation matrix was also plotted for this dataset. As figure 3.4 shows,
we can still observe high correlation coefficients. This is most noticeable along
the diagonals (not considering the main one, for obvious reasons), that is, among
the forecasts of wind speed at the same height in different grid points. Regarding
the target variable, the checkerboard pattern is absent, confirming the relevance
not only of the wind speed forecasts at 80 metres, but also of those at 10 me-
tres which, although less correlated with the others, remain significant to our
analysis.

Figure 3.4: Correlation matrix of reduced wind speed dataset
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3.4 Wind forecast

Given this preliminary study, which also included plotting various scatter matri-
ces that can be viewed in the Appendix, we found that our hypothesis of possible
collinearity between the regressors was validated by the correlation matrices. We
also ended up with two datasets for the wind speed forecast, the original and the
reduced. The latter could prove helpful for the subsequent models, as it already
contained a subset of the predictors.
For the first phase of our approach, that is, the recalibration of the features to
obtain a single wind speed later used for power forecasting, this analysis had to
be taken into account in order to employ the models best suited to our dataset.
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Chapter 4

Wind farm power curve

4.1 Chapter overview

In this chapter we describe the dataset used to plot the power curve from the mea-
sured wind speed and depict the scatter plot of the raw data. After performing
data cleaning, we present the resulting scatterplot and the model built for power
forecasting.

4.2 Introduction and dataset

To predict power from the recalibrated wind speed in the second phase of our
approach, we needed a model for building a virtual power curve encompassing
the output of all the turbines in the wind farm.
Our dataset [Figure 4.1] was the result of joining, on the timestamp, the measured
wind speed with a preprocessed dataset from the TSO, from which the power of
the wind farm was selected and its timestamp converted to UTC format, so that
the two datasets were aligned.

Figure 4.1: Measured wind speed and power dataset
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We then built the scatterplot of measured wind speed versus power. As we
can see from figure 4.2, the plot is not very clean, especially at higher wind
speeds, where the power is lower than it could theoretically be due to the cur-
tailment phenomenon (that is, when turbines are deliberately limited or switched
off).

Figure 4.2: Scatterplot of raw data, measured wind speed vs power

4.3 Data cleaning

In order to obtain a cleaner result, and consequently a better power curve, we first
divided the wind speed data into two hundred bins, and then applied an outlier
boxplot to the corresponding power values in each bin. Figure 4.3 shows a more
polished scatterplot than figure 4.2 and serves as the starting point for our model.
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Figure 4.3: Scatterplot of cleaned data, measured wind speed vs power

This scatterplot depicts, even better than the previous one, one of the main
characteristics of the distribution, namely its heteroscedasticity. As expected
from a wind power distribution, its variance changes along the curve: it is very
small for low wind speeds, roughly constant in the interval between 5 and 10
m/s, and finally quite large from 12 m/s onward due to curtailment. We therefore
expect the following models to be less stable and to struggle to fit the distribution
at higher wind speeds, but we still take into consideration this part of the data,
up to 18 m/s, for a more realistic approach.

4.4 Power curve

The model we chose to build the power curve was a linear generalized additive
model (GAM) with splines. It was constrained to be monotonically increasing,
in accordance with the physical power distribution, while also having the advan-
tage of being non-parametric. We used the pyGAM package (pyGAM Develop-
ers (2025)) for its modularity and interpretable output.
In particular, we employed splines because they can fit non-linear models without
incurring the overfitting typical of high-degree polynomial regression, as they are
piecewise low-degree polynomials with continuous derivatives at each of their
knots (James et al. (2023)).
It is important to note that with this model we are making the strong assumption

16



that the power curve is deterministic, which is not the case in reality, but remains
a useful approximation.

In order to build our model, we used data from the year 2024 and then plot-
ted the curve on data from the year 2025, achieving a more realistic consistency
with its possible real-world application. We also built a model using the 2025
data in order to compare the two and check whether a non-negligible difference
existed.
Figure 4.4 shows the model fitted on the 2024 data plotted on the 2024 distribu-
tion with its confidence interval, whereas figure 4.5 depicts the previous model
plotted on the 2025 data, along with a new model fitted and plotted on 2025
data. It is also worth noting that confidence intervals computed with the pyGAM
package rely on large-sample results to handle non-Gaussian distributions, and
treat the smoothing parameters as fixed, when in reality they are estimated from
the data.

Figure 4.4: Linear GAM fitted and plotted on 2024 data with its confidence
interval
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Figure 4.5: Linear GAM fitted on 2024 data and plotted on 2025 data (purple)
and linear GAM fitted and plotted on 2025 (orange)

As we can see, the two GAMs, despite being fitted on different years, virtu-
ally overlap for wind speeds up to about 11 m/s, and only slightly diverge from
that point on. This was to be expected given the heteroscedastic variance men-
tioned previously, since that is the part of the plot which is hardest to model due
to the curtailment phenomenon.
Considering the 2024 GAM to be an adequate model, we then used it to predict
the power from the recalibrated wind speed.
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Chapter 5

Probabilistic recalibration
of wind forecasts

5.1 Chapter overview

In this chapter we describe the recalibration phase built for the first part of our
approach. In particular, we highlight the models that were fitted and their re-
sulting metrics, and draw our conclusions on the model chosen for our actual
recalibration, comparing it with the marginal model.

5.2 Introduction and employed models

The choice of the indirect method in wind power forecasting requires a first phase
to recalibrate the wind speed. In particular, we want to use the wind speed fore-
casts in the five grid points to predict our target variable, the actual wind speed,
thereby achieving the recalibration.
Considering this, as well as the results of the preliminary data analysis and, in
particular, the collinearity we identified, we needed models that could both re-
calibrate our features and counteract the collinearity, either by regularizing the
problem or by reducing its dimensionality. As such, we chose to implement:

• a linear regression acting as a baseline for the subsequent models

• a principal component regression derived from a principal component
analysis

• a lasso median regression

Given that these models yield point predictions, we implemented them in order
to find the best possible statistical representation for recalibrating the wind speed,
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in terms of both the metrics used and the dimensionality of the solution.
We carried out the following steps on both the original and reduced datasets.
As expected, both datasets yield essentially equivalent outcomes, so we report
only the results of the latter, for this reason and for better interpretability of the
models.

5.3 Preprocessing

Our dataset was preprocessed as follows: first we randomly split it into train, val-
idation and test sets, comprising respectively 60%, 20% and 20% of the dataset,
to compute the metrics used for model evaluation. We then applied standard
scaling for better overall accuracy.

5.4 Models

5.4.1 Linear regression

As our first model, we built a linear regression, intended to act as a baseline for
comparison with the other models.
We obtained a linear combination of the ten features plus the intercept:

fL(X) = β0 + β1X1 + · · ·+ βkXk + ϵ,

by minimizing the

RSS = (fL(X)− β0 −
k∑︂

j=1

βjXj)
2

(James et al. (2023)). We can expect coefficients with a p-value<0.05 to be sta-
tistically significant.
Given the strong correlation between the regressors, we expected high collinear-
ity and low interpretability, even with the reduced dataset. For the actual imple-
mentation, we used the Statsmodels package (Statsmodels Developers (2024))
for its comprehensive and interpretable output.
The resulting model comprised a weighted linear combination of the predictors
plus the intercept, whose coefficients and p-values can be found in table 5.1. It
is noteworthy that most of them are statistically significant. Looking at the coef-
ficients, we see both positive and negative values, which fits with our hypothesis
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of multicollinearity and low interpretability (after all, wind speed cannot be neg-
ative). Furthermore, the coefficients with the highest absolute value, besides the
intercept, belong to the wind speed forecast at 80 metres in the P1 grid point, the
forecast at 80 metres in P4, and lastly the forecast at 80 metres in P5.
These results are in line with the need to reduce the dimensionality of the covari-
ate space and to regularize the problem.

Table 5.1: Linear regression model coefficients

Model coefficients

Feature Value p-value

intercept 5.4861 0.000
wsf_10M_P1 -1.3386 0.000
wsf_80M_P1 2.8945 0.000
wsf_10M_P2 0.2118 0.539
wsf_80M_P2 -1.2845 0.003
wsf_10M_P3 0.5560 0.056
wsf_80M_P3 -1.0427 0.003
wsf_10M_P4 1.3829 0.000
wsf_80M_P4 -2.8729 0.000
wsf_10M_P5 -0.0773 0.759
wsf_80M_P5 3.8754 0.000

With regard to the metrics we computed, we obtained a MAE of 1.359, a
MAPE of 0.374 and an RMSE of 1.811.

5.4.2 PCA and PCR

To reduce the dimensionality of the problem, we performed a Principal Compo-
nent Analysis (or PCA) on our dataset using the Sklearn package (scikit-learn
Developers (2026a)).
This method applies a linear transformation into a new set of coordinates, ob-
taining the principal components. Among them, the first one can be found as:

Z1 = ϕ11X1 + · · ·+ ϕp1Xp,

It holds that Z1 has the largest variance and
∑︁p

j=1 ϕ
2
j1 = 1, where the ϕ coef-

ficients are the loadings and p is the number of features. The second principal
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component is, in turn, the linear combination of the features with the largest vari-
ance among all the linear combinations uncorrelated with the first one, and so on
(James et al. (2023)).

As we can see from figure 5.1, which shows the cumulative explained vari-
ance with respect to the number of principal components, two or three compo-
nents at most are more than enough to represent our problem. This is a valuable
result, as it leads to a remarkable reduction in the size of the regressor space.

Figure 5.1: Cumulative explained variance of the PCA per number of principal
components

Figure 5.2 shows a scoreplot, where the data have been projected onto the
first two principal components. Level lines were added, due to the high concen-
tration of data, to improve the readability of the graph.
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Figure 5.2: Scoreplot of data projected on the first two principal components

Another relevant graph which shed further light on our problem was the bi-
plot [Figure 5.3], which combines a scoreplot [Figure 5.2] with a loadings plot,
that is, a graph showing the magnitude and direction of the loadings of a PCA,
specifying the relationship between the original features and the first two princi-
pal components.
In particular, it can be seen that the first component behaves in accordance with
the wind speed forecasts, whereas the second is related to the differences between
the forecasts, which take widely varying values along this second component.
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Figure 5.3: Biplot of data projected on the first two principal components

With the last set of graphs, the barplots [Figure 5.4], we delved deeper into
the behavior of the regressors with respect to the first two components; on the
x-axis we find the predictors, and on the y-axis the values of the corresponding
loadings. The first component appears to be a weighted average of the regres-
sors with virtually the same value, whereas the second appears to be a correction
factor to which all the predictors contribute linearly, but with widely varying
weights. This corroborates the behavior previously observed in the biplot.

Figure 5.4: Barplots of the loadings of first and second pricipal components

The natural continuation of the process was to build a Principal Component
Regression (or PCR) on top of the PCA, using the first n principal components
found beforehand as predictors, again with the Statsmodels package, as with the
linear regression. In particular, we fitted eight PCRs and plotted their corre-
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sponding mean absolute errors and root mean squared errors [Figure 5.5].

Figure 5.5: mean absolute errors and root mean squared errors of the eight PCRs

Considering these results and the cumulative explained variance, we focused
on the PCRs with two and three components, and report their corresponding
coefficients and p-values in table 5.2 and table 5.3. All the weights can be seen
to be statistically significant. Moreover, they have, respectively, a MAE of 1.401
and 1.381, a MAPE of 0.388 and 0.381, and an RMSE of 1.858 and 1.838.

Table 5.2: Model coefficients of first PCR
Model coefficients of first PCR

Feature Value p-value

intercept 5.4861 0.000
PC1 0.7053 0.000
PC2 -0.1617 0.000

Table 5.3: Model coefficients of second PCR
Model coefficients of second PCR

Feature Value p-value

intercept 5.4861 0.000
PC1 0.7053 0.000
PC2 -0.1617 0.000
PC3 -0.6379 0.000
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5.4.3 Lasso median regression

To regularize the variable weights and also tackle the multicollinearity problem,
we built a lasso median regression using the Sklearn QuantileRegressor (scikit-
learn Developers (2026b)).
This model was chosen because it performs feature selection by shrinking the
regressors’ weights, sometimes down to zero. In particular, it is obtained by
computing:

min
β

[︄
n∑︂

i=1

ρτ (yi − xT
i β) + α

p∑︂
j=1

|βj|

]︄
,

where ρτ (u) =

⎧⎨⎩τu u ≥ 0

(τ − 1)u u < 0
is the pinball loss,

τ ∈ (0, 1) is the quantile (in our case 0.5) and α
∑︁p

j=1 |βj| is the L1 penalty
weighted by the regularization parameter α. Lastly, n is the number of observa-
tions and p is the number of coefficients.
In order to tune our model, we varied α between 10−6 and 100. Within this inter-
val we plotted the MAEs and MSEs [Figure 5.7] and computed the values of the
regressor coefficients [Figure 5.6].

Figure 5.6: Mean absolute errors and root mean squared errors of the lasso quan-
tile regression varying α
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Figure 5.7: Lasso quantile regression coefficients varying alpha

As we can see from figure 5.7, a possible subset of the most significant re-
gressors (that is, the ones that go to zero the latest) can be found between 10−3

and 10−1. More specifically, in this range we find, from smallest to largest, the
regressors for the wind speed forecasts at 80 metres in the P5 grid point, at 10
metres in P5, and at 80 metres in P1; with α equal to 10−2, their unscaled coeffi-
cients, shown in table 5.4 for a more informative view of their magnitude, are as
follows.

Table 5.4: Unscaled model coefficients of the lasso quantile regression

Model coefficients

Feature Value

wsf_80M_P5 1.28898269
wsf_10M_P5 0.7850324
wsf_80M_P1 0.24995624

Moreover, again with an α of 10−2, the MAE, MAPE and RMSE are, respec-
tively, 1.371, 0.369 and 1.829.

5.4.4 Other models

In addition to the three models just presented, we also built other solutions, still
considering the need to regularize and to reduce the dimensionality of the prob-
lem. Although their ability to do so, along with their performance, was somewhat

27



lower than that of the previous models, they still held meaningful information.
In particular, we employed forward stepwise selection and backward stepwise se-
lection, where the selected features belonged for the most part to the grid points
P1 and P5, which is in accordance with the lasso median regression.
We also built a ridge regression and an elastic net, which were not considered
further because they did not sufficiently reduce the dimensionality of the covari-
ate space, as well as a lasso regression and a quantile regression which, while
adequate, led us to prefer the lasso median regression as the better performing
model for our problem.

5.5 Overall findings

After trialing several models, we report our results in terms of MAE, MAPE and
RMSE in table 5.5.

Table 5.5: Test metrics comparison among the models

Metrics comparison

Model MAE MAPE RMSE

Linear regression 1.359 0.374 1.811
PCR with 2 PCs 1.401 0.388 1.858
PCR with 3 PCs 1.381 0.381 1.838
Lasso quantile regression 1.371 0.369 1.829

Even though the linear regression has the lowest errors, the model is not
interpretable and suffers from collinearity, whereas the PCR and lasso median
regression achieve comparable metrics to the former (the percentage difference
between the MAE of the linear regression and that of the lasso median regression
is only 0.88%) while also greatly reducing the dimensionality of the covariate
space. The latter is the model we considered the best candidate, also for its
interpretability. Therefore, a lasso median regression with an α coefficient of
10−2 is a viable model for our target variable.
We have now reduced the problem’s complexity to three regressors (versus the
original ten in the linear regression), which is in line with the results obtained
by the PCA, suggesting that two or three principal components are enough to
adequately represent our problem.
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5.6 Marginal model

In order to gain a better understanding and comparison of our final model and
the metrics used, we present the simple case of computing the quantiles of the
distribution of our target variable [Figure 5.8], using the 2024 data for training
and the 2025 data for testing.

Figure 5.8: Quantile distributions of the measured wind speed (training: 2024,
test: 2025)

In particular, to evaluate it we computed the pinball loss, the coverage error
and the PIT.

5.6.1 Pinball loss

The optimization of the quantiles is obtained by minimizing the pinball loss,
that is, the sum of absolute residuals asymmetrically weighted depending on the
quantile (Koenker and Hallock (2001)). In particular, this is achieved by mini-

mizing the sum of ρτ (u) =

⎧⎨⎩τu u ≥ 0

(τ − 1)u u < 0
,

where u represents the absolute value of the residual, that is, the difference be-
tween the prediction and the true value, and τ ∈ (0, 1) is the quantile.
The typical shape of a pinball loss function across the quantiles is parabolic; its
maximum is reached at the 50th quantile if the distribution is symmetric, whereas
when it is not, the parabola is skewed (Narayan et al. (2024)).

Figure 5.9 shows the pinball loss of the marginal model, with its minimum at
0.22 for τ equal to 0.05 and its maximum at 1.22 for τ equal to 0.55 on the test
data. As expected, the skewed curve reflects the asymmetry of our distribution.
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Figure 5.9: Pinball loss of the marginal model (training: 2024, test: 2025)

5.6.2 Empirical coverage and coverage error

The empirical coverage for a quantile is the percentage of predicted data that
falls within it. It is to be compared with the nominal coverage, which is equal
to the quantile. In the optimal case, the empirical coverage equals the nominal
coverage and lies on the 45-degree line. Moreover, the coverage error is the dif-
ference between the empirical coverage and the quantile.

We plotted both in figure 5.10.

Figure 5.10: Empirical coverage and coverage error of the marginal model (train-
ing: 2024, test: 2025)

5.6.3 PIT

The Probability Integral Transform (PIT) associated with any cumulative density
function F and target random variable Y is defined as
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F ∗(Y ) = V · F (Y ) + (1− V ) · F (Y −),

where V ∼ Unif(0, 1) is independent of F and Y , and F (y−) = limx→y− F (x).
If F is almost surely continuous (that is, if F is a continuous function, and there-
fore invertible), then the PIT becomes F ∗(Y ) = F (Y ).
If F is fixed and equal to the CDF of the target variable Y , then F ∗(Y ) (or F (Y )

in the continuous case) is itself a standard uniform random variable (Tibshirani
(2023)). This means that we can evaluate our probabilistic forecast by how close
its PIT is to the uniform distribution.

Figure 5.11 shows the results of the Probability Integral Transform for the marginal
model.

Figure 5.11: PIT of the marginal model (training: 2024, test: 2025)

5.7 Actual recalibration

This analysis was propaedeutic to the actual recalibration of the wind speed and
led us to choose the best model. Having identified it, we switched from point
to probabilistic forecasting by employing a lasso quantile regression with an α

coefficient of 10−2, considering all quantiles with a 0.05 step. In this case, as with
the marginal model, we used the 2024 data as the training set and the 2025 data
as the test set, as this is more consistent with how the model would be employed
in practice.
Figure 5.12 shows the test goodness-of-fit plots of the model for each quantile,
along with the corresponding MAE and RMSE.
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Figure 5.12: Goodness of fit plots of the lasso quantile regression

With respect to the previously mentioned metrics, figures 5.13 and 5.14 show
that the empirical coverage and PIT obtained with the lasso quantile regression
can be considered equivalent to those of the marginal model, as was expected.
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Figure 5.13: Empirical coverage and coverage error of the lasso quantile regres-
sion (training: 2024, test: 2025)

Figure 5.14: PIT of the lasso quantile regression (training: 2024, test: 2025)

On the other hand, a meaningful difference can be found in the pinball loss
of this model [Figure 5.15].

Figure 5.15: Pinball loss of the lasso quantile regression (training: 2024, test:
2025)
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As we can see by comparing them [Figure 5.16], the pinball loss of the lasso
quantile regression (right) is much lower than that of the marginal model (left),
as the former has its minimum at 0.18 for τ equal to 0.05 and its maximum at
0.66 for τ equal to 0.5 on the test data.

Figure 5.16: Comparison between the pinball loss of the marginal model (left)
and the pinball loss of the lasso quantile regression (right)

We can conclude that decent PIT and empirical coverage results for a model
are a necessary but not sufficient condition for it to be a good model, and that the
lasso quantile regression outperforms the marginal model. Therefore, the output
of the former, that is, the recalibrated wind speed, was used in the second phase
of the indirect model as the input for predicting the power curve.
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Chapter 6

Probabilistic power forecast

6.1 Chapter overview

In this chapter we describe the actual power forecasting, made possible by the
recalibration of our target variable and the construction of the power model. We
discuss our results using the metrics also computed for the first phase of our
approach, and we make a comparison with a direct method.

6.2 Predicted power

Having obtained everything necessary for our second phase, that is, the recali-
brated wind speed via the lasso quantile regression and the power curve via the
linear GAM, we could finally predict the power. In particular, we fed the pre-
dicted wind speed for each quantile (again with a 0.05 step) as input to the power
curve and obtained the corresponding power for each quantile [Figure 6.1].

Figure 6.1: Scatterplot of lasso quantile regression versus TSO power with
linear GAM

We plotted the test goodness of fit for each quantile in figure 6.2, along with
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the corresponding MAE and RMSE.

Figure 6.2: Goodness of fit plots of the predicted power

We then computed the pinball loss [Figure 6.3], the empirical coverage and
coverage error [Figure 6.4], and the PIT [Figure 6.5].

Figure 6.3: Pinball loss of the predicted power (training: 2024, test: 2025)
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Figure 6.4: Empirical coverage and coverage error of the predicted power (train-
ing: 2024, test: 2025)

Figure 6.5: PIT of the predicted power (training: 2024, test: 2025)

As we can see, even though the goodness-of-fit plots show a widespread
distribution of data, the empirical coverage is adequate, with a very low coverage
error, and the pinball loss reaches its maximum at 1.02 for τ equal to 0.6, which
can be considered a decent result.

6.3 Comparison with a direct method

To put our results into perspective, a simulated direct method was also used.
In particular, a median regression was applied to the wind speed forecasts, that
is, the covariates used for the lasso quantile regression, and the resulting pre-
dicted wind speed was taken as the input for the direct method, simulating data
provided either by a second provider or by the first provider after applying data
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correction techniques. The predicted wind speed was then used to forecast the
power directly (the power curve was not estimated by fitting a model on the mea-
sured wind speed versus the power, as was done in the indirect method), via an
additive B-splines quantile regression [Figure 6.6].

Figure 6.6: Direct method to predict the power with additive B-splines quantile
regression fitted on 2024 and 2025 data

Then, with the model fitted on the 2024 data, we computed the same metrics
used for the power, namely the pinball loss [Figure 6.7], the empirical coverage
and coverage error [Figure 6.8], and the PIT [Figure 6.9].

Figure 6.7: Pinball loss of the additive B-splines quantile regression (training:
2024, test: 2025)

38



Figure 6.8: Empirical coverage and coverage error of the additive B-splines
quantile regression (training: 2024, test: 2025)

Figure 6.9: PIT of the additive B-splines quantile regression (training: 2024, test:
2025)

As we can see from figure 6.10, comparing the pinball loss of the power
predicted via the direct method (left) with that of the indirect method (right), the
two losses can be considered equivalent.

Figure 6.10: Comparison between the pinball loss of the additive B-splines quan-
tile regression (left) and the pinball loss of the predicted power (right)

This demonstrates the strength of the indirect method, as it performs as well
as the direct method while offering the additional benefits of modularity, since
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it can be applied to different wind farms without requiring major changes, and
greater interpretability, as its two steps convey meaningful information. As such,
we considered the indirect method satisfactory for our purposes.
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Chapter 7

Conclusions

7.1 Conclusion

The aim of our project was to develop an approach to predict wind power from
wind speed forecasts that would be interpretable, informative and modular. To
this end, we employed probabilistic forecasting and wind speed recalibration.
In particular, we first considered the state of the art and discussed the advan-
tages and disadvantages of probabilistic forecasting relative to point forecasting,
as well as the merits of recalibrating the wind speed. We then conducted an
in-depth analysis of the wind speed forecast dataset. After a correlation study,
we retrieved a selected subset of the features to reduce the dimensionality of the
problem, an objective we also pursued later, during the recalibration phase. We
also examined the dataset comprising the measured wind speed and the wind
power from the TSO, computing its scatterplot. To obtain a better model, we
cleaned the data and subsequently plotted the power curve using a linear gener-
alized additive model.
The recalibration phase entailed first trialing various models, whose performance,
along with their ability to reduce the covariate space, was evaluated in order to
identify the best among them. This led us to choose a lasso quantile regression
for recalibrating the wind speed forecasts, whose metrics were computed and
compared to those of the marginal model, with the former outperforming the
latter. Lastly, we were able to predict the power by using the lasso quantile re-
gression for recalibration and then feeding its output into the linear GAM. Our
indirect approach was compared to a direct approach in order to evaluate our re-
sults.

As our metrics showed, both approaches achieved equivalent performance; this
demonstrates the validity of the indirect approach, even under the assumption
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of a deterministic power curve. Therefore, not only does this method achieve
results comparable to the direct one, but it is also more interpretable, since its
two steps both deliver clear outputs, and the characteristics of the inputs are not
left for the algorithm to infer, but are thoroughly accounted for by this approach.
Additionally, given its modularity, it can be easily applied to wind farms other
than the one examined.
Our results also show that our second strongest assumption, after relaxing the
stochasticity of the power curve, that is, modeling the entire wind farm as a single
turbine, is a legitimate one. Even without considering each turbine individually,
we can still model the wind farm adequately, greatly reducing the complexity of
the problem and adding further modularity to our approach.

7.2 Future work

To expand our work and improve its performance, two enhancements can be con-
sidered.
The first is to actually treat the power curve as stochastic and model it accord-
ingly. This could likely lead to better accuracy, especially in the region affected
by the curtailment phenomenon, which was the least stable with the linear GAM.
The second is to incorporate other covariates in addition to the wind speed fore-
casts. In particular, wind direction (which is further analyzed in the Appendix)
could be a useful addition to the model, as we expect wind coming from a given
direction to have different characteristics, including speed, than wind coming
from another direction. Moreover, given that wind exhibits several kinds of pe-
riodicity, adding variables such as the hour of the day and the day of the year
could improve overall performance, as different kinds of wind blow during the
day and night and across the seasons of the year.
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Author’s Note

In the process of writing this thesis Generative AI tools (Claude 5) where utilized
for revising what already written and bibliographic research. All the generated
content was carefully revised and verified to ensure reliability and accuracy.
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Chapter 8

Appendix

8.1 Chapter overview

In this chapter we provide additional graphs that we plotted to further study the
data during our project. In particular, we focus on wind direction and the rela-
tionship between the wind speed forecasts and other possible regressors.
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8.2 Appendix

8.2.1 Scattermatrices

Figure 8.1: Scattermatrix of the complete dataset (before the subset selection of
the features), with the windspeed forecasts at the four heights (10, 50, 80 and
100 metres) in the five grid points (P1-P5)
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Figure 8.2: Scattermatrix of the reduced dataset (after the subset selection of the
features), with the windspeed forecasts at the two heights (10 and 80 metres) in
the five grid points (P1-P5)
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Figure 8.3: Scattermatrix of the P5 dataset, with the wind speed forecasts at the
four heights (10, 50, 80 and 100 metres) in the P5 grid point
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Figure 8.4: Scatter matrix of the expanded dataset, with the windspeed forecasts
at the two heights (10 and 80 metres) in the five grid points (P1-P5) and the
Month, Day and Hour, using the Year as hue
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Figure 8.5: Scattermatrix of the expanded dataset of 2024, with the windspeed
forecasts at the two heights (10 and 80 metres) in the five grid points (P1-P5) and
the Year, of 2024 data

49



Figure 8.6: Scattermatrix of the expanded dataset of 2025, with the windspeed
forecasts at the two heights (10 and 80 metres) in the five grid points (P1-P5) and
the Year, of 2025 data
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Figure 8.7: Scattermatrix of the March dataset, with the windspeed forecasts at
the two heights (10 and 80 metres) in the five grid points (P1-P5) and the Year,
Month, Day and Hour, of March data
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Figure 8.8: Scattermatrix of the Noon dataset, with the windspeed forecasts at
the two heights (10 and 80 metres) in the five grid points (P1-P5) and the Year,
Month, Day and Hour, of Noon data
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8.2.2 Histograms

Figure 8.9: Histogram of the measured wind speed with the wind direction as
hue

Figure 8.10: Histograms of the measured wind speed divided by wind direction
intervals. This is an expansion of figure 8.9
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Figure 8.11: Histogram of the measured wind speed with the forecast wind speed
as hue for each windspeed forecasts at the two heights (10 and 80 metres) in the
five grid points (P1-P5)
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Figure 8.12: Histograms of the measured wind speed divided by wind speed
intervals for the winspeed forecast at 80 metres in P5. This is an expansion of
figure 8.11
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8.2.3 Windrose

Figure 8.13: Windrose of the measured wind speed versus wind direction. The
former is used as hue and its frequency is shown as percentages, while the latter
is depicted by using NESW coordinates
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8.2.4 Scatterplots

Figure 8.14: Scatterplot of the hour (represented with seconds from midnight)
versus the wind direction with wind speed as hue
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Figure 8.15: Scatterplots of the measured wind speed (the absolute distance from
the zero) and the wind direction components of a subset of the turbines
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Figure 8.16: Scatterplots of the wind speed forecasts (the absolute distance from
the zero) and the wind direction components of a subset of the turbines
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8.2.5 Spaghetti plots

Figure 8.17: Spaghetti plot of the time series of the power of three turbines
(T_04, T_14, T_16) to inspect their behavior

Figure 8.18: Spaghetti plot of the time series of the wind speed of three turbines
(T_04, T_14, T_16) to inspect their behavior
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8.2.6 PCAs

Figure 8.19: First two principal components of the season dataset, with the wind-
speed forecasts at the two heights (10 and 80 metres) in the five grid points (P1-
P5) and the Season, which is the hue. In particular 0 is winter, 1 is spring, 2 is
summer and 3 is autumn.
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Figure 8.20: First two principal components of the day periods dataset, with the
windspeed forecasts at the two heights (10 and 80 metres) in the five grid points
(P1-P5) and the Day Period, which is the hue. In particular 0 is from 00 a.m. to
5.59 a.m., 1 is from 6 a.m. to 11.59 a.m., 2 is from 12 p.m. to 5.59 p.m. and 3 is
from 6 p.m. to 11.59 p.m.
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