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ABSTRACT: Accurate modelling of power production in wind power systems is essential for optimizing their real-time
operation and meeting technical or economic objectives. However, the precise modelling of wind turbine power output
remains challenging, particularly when relying on conventional parametric models, which often struggle to capture
complex or non-linear behaviors. This paper compares three modelling approaches to estimate the power produced by
a real wind turbine (a Senvion MM82/2050 located in France): one parametric, based on analytical expressions of the
power coefficient CP(λ, β); another nonparametric, which uses Gaussian processes (GP) to probabilistically model the
relationship between operating variables and the power generated; and a third semiparametric approach, which uses a
physics-informed GP that explicitly incorporates the wind conversion model based on the power coefficient CP(λ, β)
within the Gaussian process as a mean function. Parametric models are efficient, interpretable, and useful when the
underlying system model is known; however, they exhibit less predictive power in the face of complex behavior. In
contrast, GPs offer greater flexibility, quantify uncertainty, and adapt to complex patterns in the data; however, their
extrapolation outside the training range is limited and can lead to erroneous or even physically impossible predictions.
The physics-informed GP integrates physical knowledge about the conversion of wind speed to power, improving the
estimations outside the training range. Four model estimation procedures were performed using real data obtained
from the SCADA system: the first one, retrieves the parameters of the power coefficient Cp from the physical model;
the second estimates the hyperparameters of the GP; the third simultaneously estimates both the Gaussian process
hyperparameters and the power coefficient parameters of the physics-informed GP; and the fourth computes only the
hyperparameters of the physics-informed GP, keeping the optimal power coefficient parameters obtained in the first
procedure. The fitting results were analyzed using the Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE) as metrics, as well as the time required for fitting/training. The results show that the parametric approach has
a lower predictive capacity than the GP and physics-informed GP. The latter has an RMSE that is slightly lower than
that of the standard GP and makes more accurate predictions in regions with limited or no data availability. The results
also show a trade-off between accuracy and computational efficiency, the physics-informed GP has a training time
considerably longer than that of the other two models, nevertheless, it is a valuable tool when prediction robustness is a
priority. Finally, the results highlight the need to include additional explanatory variables to better capture the observed
dispersion and the effect of the high short-term variability of the 1-min SCADA measurements on model fitting.

KEYWORDS: Wind turbine power curve; wind turbine power coefficient; physical model; Gaussian processes; physics-
informed machine learning
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1 Introduction
The power curve of a wind turbine is defined as the relationship between the wind speed incident

on the rotor and the electrical power generated by the turbine. This relationship is essential for wind
resource assessment, design and sizing of wind energy-based systems, and monitoring of turbine operational
performance. Manufacturers typically derive this curve following the IEC 61400-12-1 standard [1], which
provides only discrete points, either in tabular or graphical form, under standardized and controlled
conditions. However, the actual power produced by a wind turbine often deviates from the manufacturer-
provided curve due to real operating conditions. Consequently, a research field has emerged dedicated to the
advanced modeling of these curves, with the aim of more accurately representing turbine behavior and its
variations under real-world operating conditions.

Sohoni et al. [2] present a critical review of the different techniques used for power curve modeling
and their applications in wind-energy systems. These approaches can be grouped into categories such as
discrete, deterministic or probabilistic, parametric or nonparametric, stochastic, and those based on either
manufacturer-specified data or real operational data. These classifications can be combined to create a wide
variety of model types. In parametric models, the relationship between the inputs and outputs is prescribed
using a set of mathematical equations containing a finite number of parameters, whereas nonparametric
models do not assume the functional form of the underlying phenomenon. In the context of system
identification, these categories are often associated with white-box and black-box modelling paradigms,
respectively. For a detailed and systematic review of the classifications and methods used for modelling the
wind turbine power curve, refer to [2,3].

Numerous models have been reported in the literature based on parametric approaches, including
logistic [4] and polynomial [5] models. One of the most comprehensive models is based on the physical
model of wind-to-power conversion, in which the power coefficient CP, a variable representing the fraction
of incident wind power that a turbine can convert into useful energy, is explicitly incorporated [6,7].
These models assume a predefined mathematical expression for the power coefficient and are typically
effective when limited information is available, such as during early stage design or for general estimation
purposes. More complex physics-based models can be obtained using computational fluid dynamics (CFD)
to simulate the interaction between the turbine and flow. These models are highly informative and physically
interpretable; however, they often involve significant computational costs [8].

Conversely, nonparametric models, such as those based on neural networks [9,10], support vector
machines [11,12], or Gaussian processes (GP) [13], can capture more complex relationships among variables
and are better suited to real operational contexts with multiple sources of uncertainty and noise. GPs provide
a flexible probabilistic regression tool that can capture non-linear relationships and quantify predictive
uncertainty. Prior work has shown that incorporating additional operational variables (e.g., rotor speed
and blade pitch) [14] can improve GP-based power curve models compared to using wind speed alone,
and heteroscedastic GP formulations [15] have been explored to better represent the noise variability in
SCADA data. However, like many purely data-driven methods, standard GP predictions can deteriorate
when the operating conditions fall outside the support of the training data, which may result in unrealistic
extrapolation and inflated predictive uncertainty. In addition, unlike models with predefined formulations,
they require a large amount of data for training.

Semiparametric models are obtained by combining parametric and nonparametric approaches and
are commonly referred to as grey-box approaches in system-identification terminology. In these models,
the parametric component defines the overall behavior of the power curve, whereas the nonparametric
component rectifies the local deviations from the parametric model. Depending on the type of parametric
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model used, the resulting semiparametric model may or may not be considered physically informed. Physics-
informed learning involves incorporating established physical knowledge, such as theoretical equations or
conservation laws, directly into a machine learning model [16]. To further contextualize these modelling
categories within wind energy applications, representative turbine- and wind-farm-level hybrid studies are
briefly reviewed next.

Regarding non-physically informed semiparametric models, [17] proposes a hybrid GP formulation that
uses a non-physical mean function, such as logistic trends. In contrast, physics-informed semiparametric
models explicitly embed the physical structure in the parametric component. For instance, [18] proposes an
additive physics-informed hybrid model in which a physics-inspired wind-to-power conversion equation
provides the backbone, while neural networks are used (i) to approximate the power coefficient Cp (with an
explicit Betz-limit constraint) and (ii) to learn a residual correction term. In this formulation, Cp is learned
via a neural approximation rather than through an explicit analytical Cp(λ, β) parameterization, as in our
approximation. At the wind farm scale, other studies have focused on aggregated power prediction and wake
effects, often relying on predominantly black-box modelling approaches [19].

Focusing specifically on physics-informed Gaussian-process (GP) models, a review is provided in [20],
including several engineering examples. In the wind energy domain, a mean-function-based grey-box GP
approach is presented in [21], where wind speed and temperature are used to define the mean function.
However, that study is demonstrated in a simplified setting using synthetic data and a logistic trend. In
contrast, our work derives the GP mean function directly from the fundamental wind-to-power conversion
equations and validates the approach using high-resolution real-world SCADA data.

The objective of this study is to compare three representative approaches for estimating the power
curves of a wind turbine: a parametric model based on the physical wind-to-power conversion model, a
nonparametric Gaussian model that makes no physical or structural assumptions, and a physics-informed
Gaussian process that incorporates the physical wind-to-power conversion model. All models are fitted
using the same real dataset obtained from the SCADA system of an operating wind farm. The comparison
focuses not only on the model accuracy but also on the practical applicability relative to the intended
purpose. This analysis provides a critical overview of the advantages and limitations of each approach. The
main contributions are as follows: (i) a systematic comparison and evaluation of the proposed modelling
approaches using identical inputs, data, and a consistent validation protocol across all models; (ii) a physics-
informed GP that uses a wind-to-power conversion physical model as an informative mean function, thereby
guiding predictions toward physically plausible behavior, especially in sparsely sampled or out-of-domain
regions; and (iii) an explicit treatment of parameter identification of the Cp(λ, β) surface, including sequential
and joint training strategies, to assess accuracy, extrapolation behavior, and physical consistency.

The remainder of this paper is organized as follows: Section 2 presents the formulation of the three
models; Section 3 describes the procedure used to fit each model to the measured data; Section 4 pro-
vides information on the dataset employed; and Section 5 compares and discusses the obtained results.
Finally, Section 6 summarizes the main conclusions and outlines future lines of research.

2 Models
This section presents the formulations of the three models proposed for estimating the power produced

by a wind turbine. Section 2.1 presents the theoretical parametric model of the power curve of a wind turbine,
and Section 2.2 presents two versions of the use of Gaussian processes to model the same power curve: a
classical Gaussian process and a physics-informed Gaussian process.
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2.1 Parametric Model Based on Physical Principles
The generated mechanical power, Pm, for a given turbine that is fully aligned with the wind direction

can be expressed as shown in Eq. (1).

Pm =
1
2

ρπR2v3CP (1)

where ρ is the air density (kg/m3), R is the rotor radius (m), v is the wind speed (m/s), and CP is the
power coefficient (dimensionless). To obtain the generated electrical power P, the generator efficiency
must be included in expression (1). For simplicity, an ideal efficiency of 1 was assumed. All variables,
except for the power coefficient, are known: the electrical power and wind speed can be obtained from
historical data corresponding to a specific commercial turbine model. The rotor radius was obtained from
the manufacturer’s datasheet, and a constant value of 1.225 (standard density at sea level for 15○C) was used
for the air density to reduce the number of variables in the problem.

The turbine studied in this paper has a pitch angle control system. For this type of turbine, the power
coefficient depends on two variables: the pitch angle, β and tip-speed ratio, λ. The pitch angle is the angle of
the turbine blades relative to the plane of rotation. It is used to modify the aerodynamic lift and drag forces
generated by the blades, and thereby, the power produced. Increasing the pitch angle reduces the generated
power, and vice versa. The tip-speed ratio (2) is a dimensionless number obtained as the ratio between the
linear speed at the blade tip, ωrR (which depends on the rotor angular speed ωr in rad/s), and the wind speed
v incident on the turbine rotor. Considering that the turbine operates under steady-state conditions and
assuming that there is no torsion in the shaft between the rotor and the generator, the generator rotational
speed ωg is the rotor rotational speed ωr times the gear ratio N.

λ = ωr R
v
=

ωg R
Nv

(2)

The relationship between the power coefficient and the variables β and λ has been addressed in
numerous studies, and the most common choices are polynomial, sinusoidal, or exponential functions. In
this case, we used the exponential function in Eq. (3) dependent on nine parameters Ck (k = 1, . . ., 9). The
exponential expression adopted for the power coefficient surface was chosen because this formulation has
been widely used in the modelling of modern variable-speed, pitch-regulated wind turbines. It naturally
produces a smooth, unimodal, and physically meaningful function, avoids the oscillatory behavior often
observed in high-order polynomial models, and ensures numerical stability across the operating range.
Moreover, previous studies have shown that this parameterization provides an excellent balance between
flexibility and interpretability, successfully capturing the influence of both the tip-speed ratio and pitch angle
in turbines similar to the Senvion MM82 considered in this study [22,23].

CP (λ, β) = C1 (
C2

α
− C3β − C4βC5 − C6) e−

C7
α

1
α
= ( 1

λ + C8β
) − ( C9

β3 + 1
) (3)

Therefore, the power estimation obtained using the physical model depends on the wind speed v, pitch
angle β, and tip-speed ratio λ. In fact, it is the turbine control system, by acting on the pitch angle and
selecting the rotor rotational speed, that achieves the extraction of the desired power at each wind speed,
which manufacturers report in the power curve.
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2.2 Models Based on Gaussian Processes
Gaussian processes are a nonparametric Bayesian technique widely used in supervised learning prob-

lems. Their main advantages are their ability to model complex relationships between variables without
requiring a specific functional form and to provide an estimate of uncertainty. This flexibility allows GPs to
be easily adapted to different types of data, making them versatile tools for a wide variety of applications.

From a more formal perspective, a Gaussian process is defined as a collection of random variables such
that any finite set of them follows a joint Gaussian distribution. One of the most intuitive ways to understand
GPs is through the function space view, where a GP represents a probability Gaussian distribution over
continuous functions rather than over the parameters of a given model [24]. The formulation of a GP is
commonly expressed using Eq. (4).

f (x) ∼ GP (m (x) , k (x , x′)) (4)

where x ∈ RN denotes an input vector, f (x) is the response of the actual process to be modelled, m(x) is the
mean function, and k(x, x′) is the covariance or kernel function.

However, in practice, the vector of observations of the process y does not correspond directly to f (x);
instead, it is affected by additive noise. Assuming that this noise is Gaussian, independent, and identically
distributed, the model of the actual observations is defined by Eq. (5).

y = f (x) + ε, ε ∼N (0, σ 2
n) (5)

Thus, the vector of observations continues to follow a multivariate Gaussian distribution (6) that
depends on the mean function m(x) and the total covariance matrix Ky, Eq. (7), where σn

2 is the noise
variance, I is the identity matrix, and K is the kernel matrix obtained from k(x, x′).

y ∼N (m(x), Ky) (6)
Ky = K + σ 2

n ⋅ I (7)

In the particular case of this study, the Gaussian process was used to predict the behavior of the power
generated by a wind turbine. To make it comparable with the physical model described in Section 2.1, the
same input variables v, β, and λ are used, thus creating the vector x = [v, β, λ]T . With regard to the kernel
function, this study uses the Radial Basis Function (RBF), also known as Squared Exponential (SE), which is
often recommended in the literature on Gaussian processes as a basic kernel to try, due to its ability to model
continuous, smooth, and non-linear relationships between input variables. Its expression is defined as (8),
where σf

2 is the variance of the process and � is the scale length parameter.

k (x , x′) = σ 2
f ⋅ exp(−∣∣x − x′∣∣2

2�2 ) (8)

Finally, the mean function m(x) of the Gaussian process must be selected. A common value in the
literature is m(x) = 0; however, other mean functions can also be used when prior knowledge of the shape of
the response curve is available. For example, in modelling the power curves of wind turbines, as mentioned
in the introduction, a logistic function was used as the mean function. However, in this work, a physics-
informed learning approach was adopted to set the mean function. Defining the GP mean function as
equal to the physical power model allows the central prediction of the process to comply with the physical
laws described in Eqs. (1)–(3), such that the GP only learns the residual discrepancy between the physical
prediction and observed data.
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Therefore, for comparison purposes, two different GP models are proposed: one with m(x) = 0, Eq. (9),
and another with m = 0.5ρπR2v3CP(λ, β), Eq. (10).

P ∼ GP (0, k ([v , β, λ]T , [v′, β′, λ′]T)) + ε (9)

P ∼ GP ( 1
2

ρπR2v3CP (λ, β) , k ([v , β, λ]T , [v′, β′, λ′]T)) + ε (10)

When working with Gaussian processes, it is recommended to normalize each variable to a common
range, for example, between 0 and 1, especially when using multiple input variables with different units or
scales. This normalization facilitates the fitting. To determine the real value of the predicted variable, the
inverse process of normalization was applied. In this paper, normalization was applied only to the zero-mean
Gaussian process. However, in the case of a physics-informed mean Gaussian process, given that the variables
are already directly related to the physical mean function, it was chosen not to normalize them, as it considers
the scaling problem to be less relevant in this case.

3 Methodology
In this section, the optimization problems to be solved and the software used to estimate the param-

eters of the physical model and hyperparameters of the Gaussian and physics-informed Gaussian models
are formulated.

3.1 Physical Model: Least Squares
To obtain the nine parameters Ck (k = 1, . . ., 9) that define the CP(λ, β) surface, an optimization

problem was formulated. The objective function in Eq. (11) minimizes the quadratic error between the actual
measured power Pi and the power estimated by the model P̂i at each measured operating point i, where N is
the total number of samples.

min
{Ck}

N
∑
i=1
(Pi − P̂i (λi , βi))

2 (11)

The estimated power P̂i is obtained by substituting λ in the exponential function, Eqs. (3) using (2),
given that the rotation speed ωg,i of the generator and wind speed v were actually measured. Then,
substituting CP in Eqs. (1) and (3) to obtain Eq. (12).

P̂i (λi , βi) = P̂i (ωr , i , vi , βi) =
1
2

ρπR2v3
i C1 (

C2

αi
− C3βi − C4βC5

i − C6) e
−C7

αi

1
αi
= ( 1

ωr , i R/vi + C8βi
) − ( C9

β3
i + 1
) (12)

Therefore, the measured variables at each point i are the electrical power Pi, rotational speed ωg,i, wind
speed vi, and pitch angle βi. This optimization problem was posed and solved in Python 3.11.5 [25], using the
Pyomo 6.7.1 modelling and optimization tool [26], and the IPOPT 3.11.1 solver [27].

3.2 Gaussian Process: Maximum Likelihood
To fit the hyperparameters of a Gaussian process, θ = {�, σ f , σn}, the principle of maximum likelihood

is employed. Due to the characteristics of the Gaussian process, it is possible to infer the marginal density
distribution of the observations, also known as the marginal likelihood p (y∣X , θ). This represents the
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probability of observing data y given the input points X and hyperparameters θ. However, to estimate the
hyperparameters, it is common to maximise the log-likelihood function (13), where N is the total number of
samples

log p (y∣X , θ) = −
yT (Ky)

−1 y
2

−
log ∣Ky ∣

2
− N

2
log(2π) (13)

In contrast to the physical model, where it was necessary to manually implement the optimization
problem in Python to fit the parameters, the GPflow 2.9.1 library [28] for Gaussian process facilitates
the automatic fitting of the model’s hyperparameters using specific functions that minimize the negative
marginal log-likelihood, using the L-BFGS-B optimizer from the SciPy library [29].

3.3 Physics-Informed Gaussian Process: Maximum Likelihood
Two alternatives exist for training the physics-informed Gaussian process, both of which have been

implemented. The first and simplest method is to establish Eq. (1) as the mean function with nine parameters
Ck(k = 1, . . . , 9) previously fitted with the least squares minimization problem described in Section 3.1. The
second option is to jointly optimize both the nine parameters Ck(k = 1, . . . , 9) and the hyperparameters
θ = {�, σ f , σn}. In this case, the power coefficient, CP(λ, β), is constrained to be lower than 0.593 (the Betz
limit). In both cases, the objective function to be minimized is the negative marginal log-likelihood. The
GPflow 2.9.1 library was used again. However, in this case, Adam from TensorFlow 2.12.0 [30] was used as
the optimization algorithm because the L-BFGS-B optimizer from the SciPy library could not find a solution
to the version of the problem in which the parameters Ck were fitted.

4 Dataset
The data used in this study were obtained from the open-access repository Zenodo [31] and correspond

to the French SMARTEOLE project, which studied the Sole du Moulin Vieux wind farm [32]. The data
extracted from the wind farm’s SCADA system consisted of measurements taken between 17 February and
25 May 2020, of a series of variables for turbine 1 (Senvion MM82 model with a rated power of 2050 kW).
The dataset consisted of 134,661 points sampled at a frequency of 1 min for measurements of the electrical
power generated P, wind speed v, pitch angle β, and generator rotation speed ωg . These data were filtered
according to the following four criteria: (i) the misalignment between the turbine rotor and wind direction
must be less than 0.1○ to consider only situations in which the turbine is fully aligned with the wind. (ii)
The generator rotation speed must be positive. (iii) The measured wind speed must be within the operating
range of the turbine (vcutoff-in < v < vcutoff-off ). (iv) The generated power must always be positive. In addition
to this filter, to avoid problems with the calculation of the power coefficient, the value of the pitch angle
β was replaced with zero at all points where it was negative (values slightly below zero owing to measurement
errors). Once filtered, 1131 samples were retained (Fig. 1). Since the modelling task is formulated as a static
input-output mapping between operating variables (v, β, ωg) and generated power, the dataset was divided
into two disjoint subsets in order to evaluate generalization to unseen operating conditions. Specifically, 80%
of the samples (905 points) were used for model fitting, while the remaining 20% (226 points) were reserved
exclusively for testing and were not used during parameter estimation or hyperparameter optimization. The
resulting test set is sufficiently large to provide statistically meaningful error metrics and spans comparable
ranges of the observed variables, ensuring a representative and non-trivial validation of the proposed models.
To verify that the consecutive 80/20 split does not introduce an artificial distribution shift, we compared the
empirical distributions of the main input variables (wind speed, rotor speed, and pitch angle) in the training
and test subsets; the distributions were found to be broadly consistent.
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Figure 1: Measured values of generated power, pitch angle, and rotor speed. The black dotted line shows the power
curve provided by the manufacturer of the wind turbine.

5 Results
The results section is organized into the following subsections: Section 5.1 shows the results obtained

for the physical model, Section 5.2 shows the results for the zero-mean Gaussian process, Section 5.3 shows
the results of the physics-informed Gaussian process, and finally, Section 5.4 compares the three models in
terms of adjustment time and goodness of fit, using RMSE and MAE as metrics.

5.1 Physical Model
The values of the parameters Ck, obtained by solving the optimization problem defined in Eqs. (11)

and (12) are listed in Table 1.

Table 1: Estimated Ck parameter values of the physical-model CP curve.

Parameters C1 C2 C3 C4 C5 C6 C7 C8 C9

Value 3.204e−4 278,954 6.810e−8 82.586 1.721 18,213 19.680 0 2.350e−5

Fig. 2 shows the estimated power based on Eqs. (1)–(3) and the parameters in Table 1, with respect to
the incident wind in a power–wind speed graph, where a scatter plot was formed. The same graph compares
this estimated power with the measured power, which has been classified into two groups: fitting data, which
were used to solve the optimization problem and obtain the parameters of the CP curve, and test data, which
were not used to obtain the model but served to validate it.

In general, the estimates are reasonably accurate for most points, although a greater error is observed
for wind speeds between 4–7 m/s. The discrepancy between the actual and modelled power curves in this
operating region may be attributed to several factors: air density variations at different wind speeds, turbine
efficiency can change at different rotor speeds; therefore, at different wind speeds, and the turbine’s braking
control logic when the turbine is turned on or off at low wind speeds. It is important to highlight that
this discrepancy at low speeds also appears between the measured power and the power curve provided
by the turbine manufacturer, the black line in Fig. 1, therefore, this behavior can be attributed to the
particular operation of that turbine. In contrast, the dispersion around the estimated power at every wind
speed is clearly due to transient effects and meteorological conditions through air density, which have not
been modelled.
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Figure 2: Power estimation vs. wind speed using a physical model for fitting data (left) and the test data (right).

For a given wind speed, the power generated may be slightly higher or lower due to the turbine’s inertia
and the behavior imposed by its control system. Moreover, the measured power values are 1-min averages that
show high variability, with up to 400 kW between the minimum and maximum values within each minute
(Fig. 3).

Figure 3: Measured power and its variability each minute for different wind regions: low wind (4–8 m/s), mid winds
(8–11 m/s), and high winds (11–24 m/s).

The same wind speed can also correspond to different air densities; unfortunately, we do not have
online air density measurements or pressure data to estimate it. However, the meteorological conditions vary
significantly, as shown in Fig. 4, where the temperature changes significantly (from 5○C to 25○C) for the same
wind speed.
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Figure 4: Temperature at each wind speed.

5.2 Gaussian Process
The optimal values for the hyperparameters of the Gaussian process, defined in Eq. (8) are shown

in Table 2.

Table 2: Estimated hyperparameter values for the Gaussian process.

Hyperparameters σf
2 σn

2

Value 0.5934 0.3391 5.8709e−04

Fig. 5 shows the prediction of the mean value of the Gaussian process over the entire dataset, plotted
as power vs. wind speed with the measured point cloud. Visually, it can be observed that, in general, the
Gaussian process better predicts the power dispersion, but it can also be seen how, depending on the speed
range, the Gaussian process captures the variability in power better or worse. To interpret the model’s
behavior across wind speed ranges, Fig. 1, which displays the wind speed, rotation speed, and pitch angle,
should be used. The tip-speed ratio was not plotted directly because it was computed from the wind speed
and rotation speed. A comparison of Figs. 1 and 5 reveals three regimes.

Figure 5: Power estimation vs. wind speed using a Gaussian process for fitting data (left) and test data (right).
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In the low-speed regime (4–8 m/s), the Gaussian process reproduces the observed dispersion in
power. Fig. 1 indicates that both wind speed and rotation speed vary in this range, while the pitch remains
close to 0○. The simultaneous variation of these inputs provides the model with sufficient information to
learn their joint influence on power and to represent the observed variability.

In the intermediate regime (8–11 m/s), the mean prediction shown in Fig. 5 collapses toward the cloud
mean and fails to capture full variability. Fig. 1 shows that in this region, the rotor speed and pitch are
essentially constant, leaving the wind speed as the only input that changes significantly. With a single
effective input, the Gaussian process has limited explanatory information and therefore tends to predict the
local mean.

In the high-speed regime (11–24 m/s), the fit once again reflects the dispersion. Fig. 1 evidences that
wind speed and pitch vary together in this band (even if the rotor speed is relatively stable), which enables
the model to learn their combined effect on power and thus capture the variability once more. Overall,
the joint comparison of Fig. 5 (model mean) and Fig. 1 (input data behavior) indicates that the model’s
ability to reproduce power dispersion depends on the effective variability of the input data within each
operating regime.

The limitation observed in the intermediate range suggests that additional explanatory variables, such
as air density, or a reassessment of the hypothesis of data stationarity may be necessary, similar to what was
explained previously for the physical model.

5.3 Physics-Informed Gaussian Process
As mentioned in Section 3.3, there are two alternatives for training a physics-informed Gaussian

process. The first one consists of fixing the previously obtained Ck parameters and optimizing only the
hyperparameters θ. The second involves optimizing the parameters and hyperparameters together. Table 3
compares the values of the fixed Ck parameters, which were previously obtained for the physical model,
with the Ck values obtained by jointly fitting the parameters and the hyperparameters. Table 4 compares the
hyperparameters of both models.

Table 3: Ck parameter values used for the physics-informed Gaussian process.

Model C1 C2 C3 C4 C5 C6 C7 C8 C9

Physics-informed GP (fixed Ck) 3.204e−4 278,954 6.810e−8 82.586 1.721 18,213 19.680 0 2.350e−5
Physics-informed GP (tunable Ck) 1.854 62.956 1.950e−12 1.668e−3 2.439 3.397 22.272 1.796e−2 1.001e−13

Table 4: Estimated hyperparameters values for the physics-informed Gaussian process.

Model σf
2 σn

2

Physics-informed GP (fixed Ck) 502.625 0.5619 501.374
Physics-informed GP (tunable Ck) 593.928 0.9860 664.396

Although the parameters and hyperparameters differed between the two approaches, both models
obtained similar predictive results. In the training set, Table 5 shows that the RMSE was 48.49 kW for the
model with fixed Ck values and 48.87 kW for the model that jointly fitted the values of Ck and θ. In the test
set, the RMSE values were 46.58 and 48.92 kW, respectively. Since both physics-informed Gaussian processes
produce similar results, it seems preferable to use the Gaussian process with physical information and fixed
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Ck values, given that it has a shorter training time, 26,372 with respect to 38,775 s. For this reason, from now
on it will be the one used to display graphs and make comparisons with the other models.

Table 5: Comparison of RMSE and fitting/training times across models.

Indicator Physical
Model

Gaussian
Process

Physics-Informed
GP (Fixed Ck)

Physics-Informed
GP (Tunable Ck)

RMSE (kW) Train 81.35 48.71 48.49 48.87
RMSE (kW) Test 86.67 52.03 46.58 48.92

Time fitting/training (s) 2.68 10.60 26,372.79 38,775.00

Fig. 6 shows the predictions of the mean value of the physics-informed Gaussian process trained with
fixed Ck parameters for the complete dataset. As in the zero-mean Gaussian process, the physics-informed
model adequately reproduces the dispersion of power values, except in the speed range between 8 and 11 m/s.
where a greater discrepancy can be seen. This is because of the same reason as that explained for the zero-
mean GP.

Figure 6: Power estimation vs. wind speed using a physics-informed Gaussian process for fitting data (left) and test
data (right).

5.4 Models Comparison
Table 5 shows the RMSE for both the training set and the test set of the four models studied, as well as the

fitting or training time of the models which are very different, from 2.68 s to fit the physical model to 10.77 h to
train the physics-informed Gaussian process. There is also a clear difference in performance when forecasting
between the physical model and Gaussian processes in their different variants. Regarding the different
Gaussian processes, incorporating information on the expected physical behavior slightly improved the
training results but considerably improved the power prediction in the test set, suggesting greater robustness
of the model against combinations of values in the input variables not seen in the training.

At first glance, both the GP models outperform the physical model. For a comprehensive analysis, the
RMSE and MAE indicators were calculated for each of the three wind speed regimes previously explained,
and the results are listed in Table 6. Figs. 7 and 8 compare the forecasts of the physical model on the test set
with the Gaussian process and physics-informed Gaussian process with fixed Ck parameters, respectively.
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Although the series shown in the figures are plotted in chronological order, the indices (for example,
observation 1000) refer to positions within the filtered dataset and do not imply consecutive time stamps in
the original time series.

Table 6: Comparison of RMSE and fitting/training time across models for different wind regimes.

Regime Indicator (kW) Physical
Model

Gaussian
Process

Physics-Informed GP
(Fixed Ck)

Physics-Informed GP
(Tunable Ck)

Low winds (4–8 m/s)

RMSE Train 85.63 18.34 17.17 17.71
MAE Train 73.72 12.89 11.30 11.94
RMSE Test 98.75 15.75 15.66 15.97
MAE Test 90.46 10.68 10.66 11.32

Mid winds (8–11 m/s)

RMSE Train 79.15 73.93 74.43 74.37
MAE Train 62.23 59.28 59.46 59.35
RMSE Test 72.27 66.00 65.71 65.81
MAE Test 60.60 55.78 55.86 55.84

High winds (11–24 m/s)

RMSE Train 73.57 51.68 50.51 52.03
MAE Train 58.84 30.14 33.19 32.88
RMSE Test 56.59 95.52 74.27 83.61
MAE Test 42.39 49.87 44.32 46.35

Figure 7: Comparison between the measured power (test data) and the estimated power using a physical model and a
Gaussian process with a 95% confidence interval for the three wind speed regions.

Both physics-informed Gaussian processes provided practically identical results across all indicators
and wind conditions.

In the low-wind region (4–8 m/s), both in training and prediction, Gaussian and physics-informed
Gaussian processes can model the effect of wind and rotor speed on power much more accurately, with very
similar fit quality, with all indices being very similar and considerably lower than those of the physical model.
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Figure 8: Comparison between the measured power (test data) and the estimated power using a physical model and
physics-informed Gaussian process with a 95% confidence interval for the three wind speed regions.

In the intermediate wind region (8–11 m/s) during training, the three methods provided very similar
fits, with the Gaussian process and physics-informed Gaussian process being slightly better. This is a region
where none of the models has freedom, since the pitch angle β is 0○ and the rotor speed ωr is constant,
depending on the generated power only on the wind speed.

For high-wind regions (11–24 m/s) and in the training set, both Gaussian and physics-informed
Gaussian processes performed significantly better than the physical model across all indices. However, in the
test set, the physical model performed better in terms of RMSE (56.59 kW) than the pure Gaussian process
(95.54 kW). This occurs because there are no training data in that region (there are five test points without
any nearby training samples) and the RMSE strongly penalizes these five outliers with large fitting errors, as
shown in the red circle in Fig. 7. Nevertheless, the physics-informed Gaussian process with fixed parameters
substantially improved (74.27 kW) over the pure Gaussian process (95.54 kW), demonstrating the advantage
of combining both methodologies, as the physical model extrapolates well in regions where there are hardly
any experimental training data, as shown in the red circle in Fig. 8. In contrast, if an indicator such as MAE is
used, where large and small errors are penalized equally, the differences are minimal because there are very
few data points with large errors compared to the rest.

Gaussian processes have the added advantage of being able to provide a confidence interval for
prediction, which is more complex to obtain in the physical model. In this specific case, a 95% confidence
interval is shown for both Gaussian processes. With regard to these intervals, it can be observed that the
physics-informed Gaussian process has much less uncertainty than the classical Gaussian process. This is
because the mean function of the physics-informed model already captures a significant part of the actual
behavior of the system. Therefore, GP only has to adjust for small deviations around that physical trend,
which reduces the variability of its predictions. In contrast, the zero-mean GP must learn both the general
trend and local variations, resulting in wider confidence intervals. However, in several cases, for example,
at observation 906 (Fig. 9), when the prediction of the Gaussian processes deviates significantly from the
actual value, the confidence interval of the zero-mean GP contains the observed data, while the interval of the
physics-informed GP does not. This can be explained by two complementary reasons. The first was explained
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above, since the physics-informed GP incorporates the trend imposed by the physical model and therefore
has less freedom to deviate from that trend. The second reason is that the physical model used as a mean
function does not account for several relevant sources of variability, such as air-density fluctuations, transient
aerodynamic effects, or control-system dynamics. As a result, its mean function may not fully capture the
true variability of the system; in fact, all estimation methods for observation 906 fall within the range of the
1-min measured data. On the other hand, the zero-mean GP, which is not constrained by a prior physical
mean, has greater freedom to make predictions.

Figure 9: Detailed view of the first 25 test samples under medium wind speed conditions. (a) Comparison between
physical model and Gaussian process and (b) comparison between physical model and physics-informed Gaussian
process.
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Fig. 10 illustrates the power estimation results obtained in the high winds region in terms of wind speed
and pitch angle. In the figure, it can be observed that the five test points identified previously lie clearly
outside the training region. This helps explain why the standard Gaussian process is unable to accurately
predict these unseen operating conditions; with no nearby training samples, GP predictions deteriorate. In
contrast, the physical model can better reproduce the behavior in this area, likely by extrapolating from the
available pitch angle information. The physics-informed GP exhibits an intermediate behavior.

Figure 10: Comparison between the measured power (training and test data) and the estimated power using
(a) physical model, (b) Gaussian process and (c) physics-informed Gaussian process for high winds (11–24 m/s).

Fig. 11 shows how the generated power changes as a function of λ for different wind speeds, keeping
the angle β constant at a value of 0○. Fig. 11a represents the physical model and Fig. 11b represents the results
obtained with the Gaussian process. The Gaussian process reproduces the structure of the physical model
quite well in areas with training data (λ between 7.5 and 11), but shows notable differences in areas without
measured data, such as at high wind speeds or low and high tip-speed ratios. Furthermore, the variability
in these areas increases to a level where it becomes uninformative. For instance, when λ = 2 and v = 8 m/s,
the power can range from approximately −3500 to 3500 kW with a 95% confidence level. This highlights a
key limitation of Gaussian processes: when the models extrapolate beyond the training range, they converge
towards the mean and increase the predictive variance. This limitation is overcome by the physics-informed
Gaussian process whose results are shown in Fig. 11c: the model can adapt to the training data from v = 4 m/s
to 10 m/s. However, in areas where no data are available, the model is mainly guided by the established
mean function m(x). Consequently, this approach also produces more realistic confidence intervals across
the entire combination of variables.

If the same graphs are created for other different angles β, for example, 5○ and 15○, clearly different
behaviors appear, and the limitations of the zero-mean Gaussian process in predicting outside the training
range become even more evident. For β = 5○ (Fig. 12), where limited training data are available, the zero-
mean Gaussian process, Fig. 12b, no longer resembles the behavior of the physical model, Fig. 12a, and the
uncertainty of its predictions increases considerably across the entire range of values. Furthermore, for
certain speed values, for example, v = 10 m/s, the zero-mean Gaussian process predicts powers other than
zero when λ = 0, which is physically impossible since λ = 0 implies that the turbine is stopped. In contrast, the
physics-informed Gaussian process shown in Fig. 12c does not exhibit such physically impossible behavior.
The physics-informed Gaussian process behaves essentially like the physical model in areas without data,
adding only a range of uncertainty, and in areas with data, as these are very limited, the GP does not
significantly correct the behavior of the physical model, which continues to predominate.
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Figure 11: Generated power vs. tip-speed ratio for different wind speeds and fixed β = 0○ using (a) physical model,
(b) Gaussian process, and (c) physics-informed Gaussian process.
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Figure 12: Generated power vs. tip-speed ratio for different wind speeds and fixed β = 5○ using (a) physical model,
(b) Gaussian process, and (c) physics-informed Gaussian process.

For β = 15○, Fig. 13, where there are no training data in the speed range v from 4 to 14 m/s, the
limitations of the zero-mean Gaussian process are even more evident. The variability of the GP increases
significantly across the entire range and again predicts physically impossible behaviors in regions outside
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the training range; these problems are clearly corrected when physical information is incorporated, Fig. 13c,
which already behaves identically to the physical model with possible variability since there is no training
data for that combination of variables.

Figure 13: Generated power vs. tip-speed ratio for different wind speeds and fixed β = 15○ using (a) physical model,
(b) Gaussian process, and (c) physics-informed Gaussian process.
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6 Conclusions
This paper presents a systematic comparison of three different modelling approaches for estimating the

power curve of a wind turbine, specifically the Senvion MM82/2050, using operational SCADA data. The
models compared were a physical energy-conversion model, a standard Gaussian process, and a physics-
informed Gaussian process. By analyzing their behavior across different wind regimes, both inside and
outside the training domain, this study provides a clear assessment of the strengths and limitations of
each approach.

The results show that the standard Gaussian process achieves the best fit in regions where sufficient
training data are available, thereby successfully capturing the variability inherent in real turbine operation.
However, its extrapolation capability is limited, leading to physically inconsistent predictions in domains
that are not represented in the training set. In contrast, the physical model delivers stable and physically
plausible estimates across the entire operating range, including regions without data, although at the expense
of reduced accuracy within the training domain. By combining the two models in the physics-informed
Gaussian process, it is possible to combine the advantages of both: good fit in areas where training data exist
and extrapolation capability outside of them.

The results show a clear trade-off between accuracy and computational efficiency. While the physical
model and standard GP have fitting times on the order of seconds, the physics-informed Gaussian process
requires several hours of training. At first glance, the reduction in RMSE compared to conventional GP
may seem modest. However, this improvement, although small in numerical terms, has a fundamental
implication: the model avoids predicting physically impossible values. In this sense, the benefit of the
physics-informed Gaussian process is not limited to a slight decrease in the overall error but lies in
ensuring consistency with the physical constraints of the problem. Therefore, although the computational
cost is considerably higher, the model offers a key qualitative advantage by producing physically consistent
predictions, which may be more relevant than the mere marginal reduction in the RMSE.

The three proposed models estimate power as a function of the main turbine operating variables: wind
speed, generator rotational speed, and blade pitch angle. The Cp-based physical model is a simple analytical
formulation that captures wind power extraction and can be embedded into more complex dynamic wind
turbine models to simulate operation and assess different control and operational strategies. Due to their
good extrapolation capabilities, both the physical model and the physically informed Gaussian process can be
integrated into the turbine control system, particularly within the maximum power point tracking (MPPT)
module, to determine the optimal rotational speed in the partial-load region to extract the maximum power.
In contrast, purely data-driven Gaussian processes are not suitable for direct use in a dynamic simulation,
but they are well suited for performance monitoring, enabling the detection of malfunctions and operational
anomalies when the measured power deviates from the model predictions. However, reliable performance
requires the model to be trained across all operating regions because extrapolation outside the training
domain is limited.

The study also highlights the high short-term variability present in 1-min SCADA measurements and
its impact on model fitting and evaluation. It is studied how, in the medium wind region, where the turbine
operates with nearly constant pitch and rotational speed, the limited explanatory power of the available
variables becomes evident. This suggests that additional operational or meteorological variables, such as air
density estimates or the inherent process variability. In addition, the modelling approach adopted in this
work treats the wind power relationship as a static mapping, neglecting the intrinsic dynamics of the system.
However, the actual interaction between wind speed, rotor behavior, and generated power is inherently
dynamic, involving transient effects and control-system responses that unfold over time. Ignoring these
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dynamics reduces the models’ ability to fully reproduce the variability observed in real operation, particularly
in regions where static variables provide limited information.

For completeness, the main limitations of each approach can be summarized as follows: The physical
model relies on simplifying assumptions (e.g., constant air density and idealized conversion efficiency)
and cannot represent unmodelled environmental and operational effects, which limits accuracy in some
regimes. The standard GP is highly effective for interpolation when the data coverage is sufficient; however,
its predictions can degrade in sparsely sampled or out-of-domain regions and may become physically
implausible. The physics-informed GP improves physical plausibility by relating predictions to a mechanistic
mean function, but it remains affected by missing explanatory variables and entails a substantially higher
computational cost. Moreover, all approaches are formulated as static input–output mappings and therefore
do not explicitly capture the turbine dynamics and short-term transients present in one-minute SCADA data.
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