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Abstract

This research comparatively evaluates several statistical and machine
learning models to predict normalized wind power output, when applied
to a case study of wind power records from the Energy Reliability Council
of Texas (ERCOT). The impact on predictive ability derived from two ap-
proaches is quantified: (1) modeling the response directly in the [0,1] interval,
versus (2) performing a transformation f to some unbounded space. A cor-
rection mechanism is proposed to mitigate the bias introduced by the use of
the transformation f. The results suggest that combining suitable transfor-
mations (v-logit or probit) with bias correction significantly improves wind
power prediction, especially when using flexible models like support vector
machines (SVM) and generalized additive models (GAM).

Keywords: Bias correction; Bounded response modeling; Capacity factor;
Response transformation; Wind power prediction.

Resumen

Esta investigacion evaltia comparativamente varios modelos estadisticos
y de aprendizaje automatico para predecir la generacién edlica normalizada,
aplicados a un estudio de caso con registros del Consejo de Confiabilidad
Energética de Texas (ERCOT). Se cuantifica el impacto en la capacidad
predictiva derivado de dos enfoques: (1) modelar la variable de respuesta
directamente en el intervalo [0,1], y (2) aplicar una transformaciéon f ha-
cia un espacio no acotado. Se propone un mecanismo de correcciéon para
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mitigar el sesgo introducido por el uso de dicha transformacion f. Los resul-
tados sugieren que combinar transformaciones adecuadas (v-logit o probit)
con la correccion de sesgo mejora significativamente la prediccion de la po-
tencia eolica, especialmente al emplear modelos flexibles como las maquinas
de vectores de soporte (SVM) y los modelos aditivos generalizados (GAM).

Palabras clave: Correccion de sesgo; Factor de capacidad; Modelacion
de respuesta acotada; Prediccién potencia eolica; Transformacion de la re-
spuesta.

1. Introduction

The shift towards clean technologies has brought wind power to the forefront
of electricity generation worldwide (Premalatha et al., 2014). However, wind’s
inherent variability and intermittence pose fundamental challenges to grid oper-
ations, power markets, and security of supply, often causing curtailment of clean
energy due to its unreliability (Kim & Kim, 2024). High-accuracy wind generation
predictions are therefore critical to enable effective dispatching and avoid penalties
or curtailment derived from prediction errors (Kazmi & Tao, 2022).

Wind power modeling efforts can be broadly classified into four main categories
(Wu & Hong, 2007): (a) numerical weather prediction (NWP) or physical models,
(b) statistical models, (c) machine/deep learning models, and (d) hybrid models.
NWP approaches attempt to capture the influence of meteorological variables such
as wind speed, air temperature, air density, and air pressure through physical laws
(e.g., energy conversion, fluid dynamics). While physically principled, they require
large amounts of data, detailed input specifications, and can oversimplify complex
atmospheric interactions. Moreover, NWP outputs alone are often insufficient for
highly accurate wind power prediction.

Statistical and machine learning approaches instead frame the problem as an
input—output mapping task, learning functional relationships between observed
predictors (e.g., weather covariates, lagged power outputs) and the response vari-
able, without explicitly modeling the full physical process. Statistical models typ-
ically emphasize parsimony and interpretability, using correlation and covariance
structures to identify influential predictors. Machine learning methods, in con-
trast, can capture complex nonlinear relationships at the expense of transparency,
often functioning as “black boxes”. Hybrid models aim to leverage the strengths
of two or more paradigms to improve predictive accuracy (Ezzat et al., 2018).

Many researchers and practitioners concentrate their efforts on predicting wind
speed, given that it is the most influential predictor of wind power output. The
predicted wind speed can then be used to compute the expected power of a single
turbine using power conversion curves that incorporate the technological specifica-
tions of the turbine model (Saltyté Benth & Saltyté, 2011; Wytock & Kolter, 2013;
Cetinay et al., 2017). While these curves are effective for single-turbine prediction,
farm-level prediction is more complex due to wake effects and turbine interactions
(Staid et al., 2018). Comparative studies have found that data-driven approaches
such as random forests can outperform physical aggregation methods, offering not

Revista Colombiana de Estadistica - Applied Statistics 49 (2026) 377-397



Prediction of wind power as a bounded variable 379

only higher accuracy but also transferability across sites without retraining (Staid
et al., 2018; Arrieta-Prieto & Schell, 2024).

This work focuses on statistical and machine learning models for two main
reasons. First, they are generally simpler to explain in terms of how they process
different inputs to produce predictions, making it easier to interpret their com-
parative performance. Second, they offer a fairer comparison framework. Unlike
deep learning models, the contribution of each input variable cannot be explicitly
controlled by design, ensuring that differences in predictive performance reflect the
inherent modeling strategies rather than architectural tuning. To the best of the
authors’ knowledge, this is one of the first efforts to compare such a wide variety
of model types in a multi-farm setting, aiming to identify common strengths and
patterns that could guide improved modeling strategies in wind power prediction,
especially, when deciding if the target variable should be transformed or modeled
as observed.

In operational environments, wind power is normalized by the installed capac-
ity of the site under analysis, yielding a response variable in the [0,1] interval,
typically referred to as the capacity factor. From a data-driven modeling perspec-
tive, this bound on the target variable has both advantages and disadvantages.
Traditional regression and machine learning methods often assume unbounded
continuous outputs, which contrasts with the modeling of capacity factor dynam-
ics. Hence, two broad classes of methodologies have been developed: (1) modeling
the response directly in the [0, 1] range using bounded-output distributions or link
functions—referred to here as bounded models—and (2) mapping the response
onto an unbounded space prior to applying standard regression or machine learn-
ing algorithms—referred to as unbounded models.

Each paradigm has distinct theoretical and practical implications. Direct mod-
eling methods preserve the natural scale and interpretability of the data but may
suffer from estimation issues at the boundaries. Transformed methods offer greater
flexibility and access to a wider range of algorithms, but risk distorting the scale
and introducing bias through the inverse of the nonlinear transformations used.
These trade-offs require careful consideration.

Within the bounded models class, some approaches are restricted to outcomes
strictly in (0, 1), excluding the extremes. When uncurtailed records are available,
null values may be treated as censored observations (reflecting insufficient wind
to activate turbines), and adjusted by adding a small random quantity of order
~ 107* to 0’s and subtracting it from 1’s, justified as measurement error (Pinson,
2012), thus enabling modeling within (0, 1).

The following bounded models are particularly relevant due to their wide ap-
plicability:

1. Beta regression. Suitable for continuous variables on (0,1), assuming a
Beta-distributed response. Through a mean-precision reparameterization
(Ferrari & Cribari-Neto, 2004), the mean can be linked to predictors while
ensuring parameter validity. Estimation proceeds via maximum likelihood,
though global optimality guarantees are non-trivial since the Beta distri-
bution is outside the exponential family (Wikle et al., 2019, p. 102). Beta
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regression has been adapted for both explanatory and predictive purposes in
energy modeling (Yuan et al., 2019; Capelletti et al., 2024, 2025).

2. Quasi-binomial regression. A distribution-agnostic generalized model
allowing outcomes in [0, 1], with parameters estimated by quasi-likelihood
(McCullagh, 1983). This model has recently been applied to power outage
modeling under extreme weather (Arora & Ceferino, 2024).

3. Random forests. An ensemble of unpruned regression trees trained on
bootstrap samples, whose averaged predictions remain within the training
range, making them naturally suited to bounded targets. Random forests
are robust to multicollinearity, noise, and outliers, albeit computationally
intensive and less interpretable than single trees. In energy contexts, they
have shown strong predictive performance for both bounded and unbounded
formulations (Staid et al., 2018; Arrieta-Prieto & Schell, 2024).

Other bounded alternatives include regression with the Kumaraswamy distri-
bution (Pumi et al., 2020), but to keep the scope focused, only the above models
are considered here.

For unbounded models, transforming the outcome to R allows the application
of multiple statistical and machine learning methods (Zhang et al., 2020), such
as (a) multiple linear regression (MLR), (b) regularized regression (e.g., ridge,
LASSO), (c) generalized additive models (GAMs), (d) support vector regression,
and (e) random forests. The transformation f : (0,1) — R must be nonlinear,
monotonic, and surjective to guarantee invertibility, with boundary adjustments
as above. However, introducing nonlinear transformations in prediction tasks can
induce bias (Neyman & Scott, 1960), motivating the inclusion of bias-corrected
variants in this study.

It is worth clarifying that Random Forest predictions are intrinsically bounded
by the range of the training responses. Each prediction corresponds to a summary
statistic (typically the sample mean) of observations within a terminal node of the
tree ensemble. As such, predictions are convex combinations of observed outcomes
and therefore remain within the support of the training data. In this sense, Ran-
dom Forests can be considered structurally bounded models, even though they
are not explicitly designed for bounded-response modeling. This distinction is im-
portant when comparing them to transformation-based approaches that enforce
boundedness through functional mappings. However, they are also flexible nonlin-
ear predictors and can be applied to unbounded outcomes when no explicit con-
straints are imposed. In our bounded setting, their construction naturally respects
the support of the response variable without requiring explicit transformation, but
they have also been proven to be accurate predictors in unbounded settings after
a transformation has been introduced (Arrieta-Prieto & Schell, 2024).

By evaluating the performance of this wide set of bounded and unbounded
models in a case study using wind power data from the Electric Reliability Council
of Texas (ERCOT), this work seeks to inform model selection in renewable energy
prediction and facilitate integration into the power grid through more accurate
forecasts.
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The remainder of the manuscript is structured as follows: Section 2 describes
the data and methodology for the model comparison; Section 3 presents descrip-
tive analyses and predictive results; and Section 4 concludes with key findings,
limitations, and future research directions.

2. Data and Methods

2.1. Data Description

Power records are available for 25 wind farms within the ERCOT (Energy Re-
liability Council of Texas) network in Texas, USA; monitored hourly during the
years 2016 and 2017, resulting in a total of 17,544 observations per farm ([dataset]
Energy Reliability Council of Texas (ERCOT), 2018). This dataset was com-
plemented with the meteorological information recorded at the weather stations
belonging to the West Texas Mesonet network ([dataset] National Wind Insti-
tute, 2016) and the information obtained from MERRA?2 reanalysis data ([dataset]
Staffell, Tain and Pfenninger, Stefan, 2016). Table 1 presents the variables con-
sidered in the analysis. Subsection 2.1 presents a concise collection of figures to
describe the variables used for analysis.

TABLE 1: Description of the variables in the dataset.

Variable Description

dt_tm Contains the date and time at which the record was taken.
1D Unique identifier of the wind farm location.

pow Amount of energy (in %) recorded at that hour for that site.
lat Latitude of the wind farm.

long Longitude of the wind farm.

wd Wind direction (rad).

wind_speed Wind speed (m/s).

temperature Temperature (°C).

air_density  Air density (kg/m3).

V_X East component of wind speed, calculated as wind_speed- cos(wd).
v_y North component of wind speed, calculated as wind_speed- sin(wd).

2.2. Methodology

The objective of this work is to analyze the contribution of the model type and
nature (bounded or unbounded) in better explaining wind power dynamics. For
that reason, all models were trained using the same set of explanatory variables
and, up to some extent, the same predictive equation, i.e., the interrelationships
between the explanatory variables were mimicked in all model types. For each
type of unbounded model, two variants were considered: one in which an additive
correction term was incorporated and the other one in which no correction term
was considered. Subsubsection 2.2.1 details the selection of explanatory variables,
interactions and model structures considered. Subsubsection 2.2.2 presents the
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candidate transformations, f, considered for unbounded models. Finally, Subsub-
section 2.2.3 describes the overall framework for model fitting and assessment.

Although the available records are geolocated and indexed in time, this work
does not consider the contribution of modeling the spatio-temporal component, as
it is not directly related to the performance of the various models for the mean
considered. The results presented can be seen as the first stage of modeling (trend-
surface modeling), in which the mean component captures the large-scale structure
or macro-scale variation by relating the explanatory variables with the response
(Wikle et al., 2019, p. 102). The spatio-temporal analysis of the residuals obtained
from the first stage allows to capture the small-scale stochastic deviations from
the global trend to refine the predictions, however, this step is out of the scope
of this work. Trend-surface modeling parameters can be estimated consistently if
the residual process of such regression is stationary (Cressie, 1993, p. 164). This
result justifies disregarding the spatio-temporal component in the data analyzed.

2.2.1. Explanatory Variables and Model Structure

The selection of predictors was based on the fundamental equation of available
wind power (Kanoglu et al., 2020, p. 143)

1
Wavailable = 5 PCV3 )

where p is the air density, C is the disk area of a wind turbine, and V is the wind
speed. This relationship highlights the importance of wind speed and air density
in energy production, with wind speed standing out in several forecasting studies
as the key factor to predict wind power (Jacondino et al., 2021).

Because of convergence issues in some of the models considered, the mean
equation included V? instead of V3. Wind direction (A) and its interaction with
speed (A -V) was also considered, as well as the east (V) and north (V) compo-
nents of the wind velocity vector, as suggested by previous works (Arrieta-Prieto
& Kristen, 2021; Arrieta-Prieto & Schell, 2024).

The systematic component of the different models is of the form
T+D+A+V+AV+VEHV, +V;

where T', D, A, V, V,, and V,, represent temperature, air density, wind direction,
wind speed, and wind velocity’s east and north components, respectively. The
variable Y will denote the percentage of wind power.

The models employed follow two primary approaches: those utilizing the orig-
inal response variable, Y, within the (0, 1) interval; and those that apply a trans-
formation, Z := f(Y), to it. The different models considered in this work are
summarized in Table 2, showing two columns: “Variants” and “hyperaparameters”.
The main difference between the two is that for each alternative value considered
for the feature listed as “Variant” a different model was trained. On the other
hand, for the different hyperparameters listed, an optimal value was determined
using the validation portion of the data. The common link functions for Beta
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regression and Quasi-binomial were considered (logit, probit, log-log, Cauchy; and
C-log-log only for Beta), while the transformations considered are discussed in
Subsubsection 2.2.2. It is important to emphasize that, although similar in ex-
pression and name, link functions and transformations are radically different, as
the former ones are applied to parameters in order to respect the parameter space
while the latter ones are directly applied to the dependent variable, obtaining a
new variable used in the analysis.

TABLE 2: Models, variants, and associated hyperparameters.

Output Model Variants Hyperparameters
Beta Regression Link function (none)
Original Quasi-Binomial Link function (none)
Y €(0,1)
Random Forest (RF) (none) Number of trees (50, 100,
200, 300) Number of vari-
ables per split (1 to 8
variables)
Multiple Linear Regression  Transformation (none)
(MLR)
Transformed Lasso/Ridge Transformation Regularization parameter
Z=f{Y)eR (200 values were evalu-
ated from 0 to 5)
Generalized Additive  Transformation Degrees of freedom for

Model (GAM)

smooth splines of each
predictor (1, 1.5, 3, ex-
cept for V, A-V, V2 with
1 df)

Support Vector Machine
(SVM) Transformation

Kernel function (lineal,
radial, polinomial, sig-
moide) Regularization
term (0.5, 1, 2, 5)

Random Forest (RF)

Transformation

Number of trees (100,
200) Number of variables
per split (1,2,3)

2.2.2. Transformation and Bias-Correction Mechanism

As discussed in the Introduction, unbounded models involve transforming the
response variable Y via a function f. This facilitates the application of regression
models that assume an unbounded continuous response, using as response the
transformed outcome Z := f(Y).

Predictions for Z, Z , are issued and then mapped back using the inverse trans-

formation: ¥ = f _1(Z)' However, when the inverse function, f~', is nonlinear;
applying it directly to Z introduces bias in the prediction. One way to correct this
bias is by means of a second-order Taylor approximation, obtaining

——

Bias-corrected predictor

) -

2 o+
————

inverse function

1., d?

e =T I (Y

Correction factor
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where 6% is the estimated variance of the prediction in the transformed space. The
correction is designed to reduce the conditional mean bias that arises when a non-
linear transformation is inverted. Under standard regularity conditions, namely,
finite second moments of the transformed error term and sufficiently small pre-
diction errors, the second-order Taylor expansion provides a valid local quadratic
approximation to the inverse transformation. Without such correction, directly
applying the inverse function to the predicted value generally yields a biased es-
timator of the conditional expectation on the original scale, a phenomenon well
documented in the literature on transformation models and retransformation bias
(Neyman & Scott, 1960).

The transformations considered in this work, which are commonly used in the
literature, and their proposed bias-corrected predictors are summarized in Table 3.
For the v-logit transformation, an additional hyperparameter, v, is introduced for
more flexibility. In the case of MLR, 15 values of v were explored, ranging from
10~'4 to 1. However, to improve computational efficiency, a reduced set of values
(specifically 1, 107°, and 10~1%) motivated by the results of MLR, was evaluated
for the other transformation-based models, including Lasso, Ridge, GAM, SVM,
and Random Forest. See (Pinson, 2012) for a more complete description on the
v-logit transformation and its use in modeling normalized wind power output.

Transformation Function Bias-corrected Predictor
v-logit f(Y;v) = log <%) K; - (%)1 Y
Probit FY) =a-1(Y) Ko @ (z)
Log-log (Y) = —log(~log(¥)) Kz -exp (—exp(-2))
Cauchy (a.k.a. cauchit) f(Y) = tan(w(Y — 0.5)) Ky - (% arctan(Z) + %)
TABLE 3: Transformations functions considered and corresponding bias-corrected pre-
dictors

Given the fact that 6% might not be easily estimated and that the second
derivative of the inverse v-logit and log-log transformations involves again the ex-
pression for f~!, the bias-corrected predictor in Equation (1) can be approximated,
in those cases, as

—_~—

fUZ) > f7H(2),

with oc as the proportionality symbol; meaning that a multiplicative constant
might suffice to correct bias. Ergo, the constants {Ki}?zl in Table 3 seek to adjust
the scale of the predictions for all transformations.

Originally, the transformation f is motivated not only by bias considerations
but also by its variance-stabilizing properties. On the transformed scale, the error
term is assumed to have approximately constant variance o%, which is treated as
an unknown parameter. Instead of estimating this variance directly from in-sample
residuals—an approach that may lead to overconfident predictive intervals, we in-
corporate it into the multiplicative constants K; and tune these constants via a
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validation scheme. Consequently, 0% is implicitly model-specific and site-specific,
as each model-farm combination is calibrated independently. The homoskedas-
tic assumption therefore serves as a working approximation on the transformed
scale, while its effective magnitude is determined by out-of-sample predictive per-
formance.

Using a validation scheme and a data partition, these constants can be esti-
mated via a data-driven approach. Specifically, we fit a linear correction model of
the form R R

Y =B+t (2) +e,

where 8y and B are coefficients that correct for systematic bias after the inverse
transformation.

Importantly, our objective is not to analytically derive a closed-form unbiased
estimator based solely on in-sample residual variance. Instead, the magnitude
of the correction is determined in a prediction-oriented manner using validation,
allowing unseen data to tune the regression-based parameters governing the bias
adjustment. This strategy reduces the risk of over-optimistic in-sample corrections
and aligns the bias control mechanism with out-of-sample predictive performance.

2.2.3. Framework for Model Fitting and Assessment

For each one of the farms and the models implemented, the procedure is divided
into three stages: training, validation, and testing, using 60%, 20%, and 20%
of the data, respectively.

For models that include hyperparameters, we denote the hyperparameters vec-
tor as 0, and identify the optimal configuration, Oy, through the validation
process. Figure 1 provides an overview of the methodology followed, detailing the
data partitioning, model training, hyperparameter tuning, and evaluation steps.
Three different paths can be identified based on whether or not the model has
hyperparameters and whether the dependent variable needs to be transformed or
not.

Regardless of the model type (path in Figure 1), all models are tested based on
the same testing portion (20%) for each farm, to ensure comparability. Traditional
metrics, such as Mean Squared Error (MSE) and Mean Absolute Error (MAE),
were employed to assess model’s performance

1 N2
MSE = (vi-%)".
TTest 1€Test
1 R
MAE = Y, - Y;|.
MTest i€ Test

In the expressions for MSE and MAE, nre is the size of the test portion and
Y; denotes the i—th observed value of power in the testing portion.
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F1cure 1: Flowchart summarizing the methodology proposed for model fitting.

To visualize the results across wind farms succinctly, the ranking occupied by
each model among all the models considered for a given site was recorded (in
decreasing order of accuracy) and then, all the rankings associated to a given
model along the 25 sites were presented as boxplots in Subsection 3.2.

3. Results

3.1. Descriptive Analysis

This section presents a descriptive analysis of the variables involved in modeling
wind power output. Figures 2 and 3 show the overall monthly and daily behavior
of the 25 wind farms of the following variables: energy percentage, temperature,
air density, and wind speed and direction. Figure 2 displays the monthly behavior
for 2016 and 2017. On the other hand, Figure 3 depicts the hourly behavior across
all observed days, showcasing the performance of these wind farms at different
times each day during the study period.
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FIcURE 2: Monthly trends of climate variables and wind energy production.

The plot of wind energy production over the months (Figure 2) shows signifi-
cant fluctuations. Production varies notably between the colder months, (October
to April) and the warmer months (June to September). April and October show
more frequent and pronounced peaks in production, suggesting a seasonal pattern.
In contrast, the lowest values occur during the summer, particularly in August.

When comparing 2016 and 2017, there is a slight increase in overall production
in the second year. This may suggest that the weather conditions in 2017 might
have been more favorable for wind energy generation.
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FiGure 3: Daily patterns of climate variables and wind energy production.

At the daily level (Figure 3), energy production follows a clear pattern. It
increases in the early morning (around 6:00 AM) and reaches its lowest point in
the afternoon (between 2:00 and 4:00 PM).

Temperature shows a marked seasonal behavior, with the highest values during
the summer months, especially in July, and the lowest in winter (December and
January). In addition to this seasonal pattern, shorter fluctuations are observed
throughout each month, possibly due to changing weather conditions.

The daily cycle of temperature is also clear: It is at its lowest around 5:00
AM and peaks in the afternoon (between 2:00 and 4:00 PM). Interestingly, the
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temperature peaks coincide with the lowest energy production levels, suggesting
that temperature may indirectly affect wind energy generation.

As expected, air density is inversely related to temperature. It is higher during
the colder months and lower in the warmer months, which aligns with the physical
laws of aerodynamics. The lowest density values occur in July, while the highest
values are seen in December and January. On a daily scale, density is higher
during the coldest hours of the early morning and decreases as temperature rises.

This inverse relationship between temperature and density highlights the im-
portance of including air density in wind energy prediction models.

Wind speed remains relatively stable throughout the year, although it shows
less variability in the summer months. On a daily basis, wind speed tends to
increase throughout the day, reaching its peak in the afternoon. This pattern is
consistent with the observed trend in wind energy production.

Wind direction shows less variability during the summer months, particularly
in July and August. This could be related to the more stable wind energy pro-
duction observed during this period. The reduced variability in direction may also
contribute to more efficient turbine operation during warmer months.

3.2. Model Performance

This Subsection presents and discusses the results obtained. First, the results
for Mesquite Creek Wind 1, with an installed capacity of 211.22 MW and located
in Dawson county, Texas, USA; are presented in Subsubsection 3.2.1. Then, the
aggregate results for the 25 farms considered are presented in Subsubsection 3.2.2.

3.2.1. Impact of Bias Correction on Model Performance at the Site
Level

To assess the impact of bias correction on model performance, we first focused
on the wind farm Mesquite Creek Wind 1. Figure 4 presents a comparison of the
mean squared error (MSE) obtained with (in blue) and without (in green) bias
correction for each model. Indicative arrows showing if the bias-corrected MSE is
higher than the original one (1) or lower ({) are also presented.

Bias correction appears to have a positive effect on several models, particularly
those with higher MSE values prior to correction (the ones using the cauchit
transformation). In these cases, applying bias correction leads to a substantial
reduction in error, improving the performance of models that initially showed
poor results. On the other hand, for models that already performed well—such as
those with the v-logit or log-log transformations—the correction slightly increased
the MSE, though not to a degree that would be considered significant.

These results suggest that bias correction is especially beneficial for models
prone to higher estimation errors and can be an effective strategy to improve
predictive performance.
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FIGURE 4: Performance evaluation of various models: effect of bias correction on MSE
for Mesquite Creek Wind 1.

3.2.2. Comparative Analysis of Model Rankings Across Wind Farms

To assess the consistency and general performance of the models across all wind
farm sites, the MSE rankings were computed for each model over the 25 locations,
both with and without bias correction. Since models were fitted independently
at each site, including site-specific hyperparameter tuning and specification selec-
tion, models sharing the same methodological label do not correspond to identical
functional forms across farms. Pooling prediction errors would therefore implicitly
assume a common global structure, which is not technically appropriate. Site-wise
rankings provide a coherent within-site comparison that avoids mixing heteroge-
neous model configurations. The results are presented in Figure 5.

Blue boxplots show the site-wise ranking of models based on their raw MSE
values. Models such as QuasiBinomial, SVM with v-logit, log-log and probit trans-
formations; and GAM with v-logit consistently achieved lower ranking values, in-
dicating better performance across the evaluated sites. In contrast, models using
the cauchit transformation (particularly SVM-cauchit, RF-cauchit, and Ridge-
cauchit) tended to rank lower, reflecting higher prediction errors.

Green boxplots display the rankings after applying bias correction. A notable
improvement was observed for several models, especially those employing the cau-
chit transformation, which advanced in the rankings and showed better relative
performance after the correction. Despite these improvements, these models con-
tinued to underperform compared to those using v-logit or probit transformations,
which remained among the top performers even before the correction.
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Interestingly, the SVM-vlogit, SVM-loglog and SVM-probit models maintained
leading positions in both scenarios (and the first two even experienced variability
reduction after the correction), indicating a high degree of robustness and stability
across the different sites. This consistency suggests that such models not only
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provide lower prediction errors on average but also perform reliably under varying
conditions.

In general, bias correction contributed to reducing performance disparities,
particularly in models with initially high error levels. Nevertheless, the transfor-
mation choice remained a critical factor in model effectiveness, with v-logit and
probit standing out as consistently strong options.
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Fi1GURE 6: Distribution of Model Rankings Across Sites Based on MAE

In addition to the MSE-based evaluation, the Mean Absolute Error (MAE)
was also analyzed to provide a complementary perspective on model performance
across the different sites. Figure 6 presents the distribution of model rankings
based on MAE for the 25 locations.

The ranking patterns observed in this figure are largely consistent with those
obtained using MSE. Models such as SVM with v-logit, loglog, and probit trans-
formations; along with GAM and RLM with v-logit or loglog, achieved the highest
positions, consistently ranking among the top performers across sites. These mod-
els exhibit both low error magnitudes and a stable performance, reinforcing the
findings derived from the MSE analysis.

On the other hand, models using the cauchit transformation again showed
the poorest rankings, confirming their relative underperformance regardless of the
chosen error metric. Notably, Random Forest and Beta regression also ranked
lower in this evaluation, in line with their MSE-based results, however, the Quasi-
binomial model experienced a radical change in the podium, locating around the
median position with MAE after being in the top with MSE. This performance
sensitivity to the metric needs to be further studied.
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Although some minor variations in ranking were identified when comparing
MSE and MAE, the overall trends remained stable. This consistency supports the
robustness of the top-performing models and highlights the limited generalization
capacity of those with lower rankings.

3.2.3. Dependence Structure and Justification of Rankings

MSE bias-corrected

Fi1GURre 7: Heatmap of model rankings across the 25 wind farms.

To evaluate whether spatial dependence could affect the interpretation of rank-
ings, we examined the ranking matrix (sites x models), displayed in Figure 7. In
this matrix, rows represent wind farms (blocks) and columns represent competing
models (treatments). The heatmap does not exhibit systematic horizontal patterns
(across rows) that would indicate groups of farms with similar ranking structures,
nor spatial gradients suggestive of location-driven effects. In contrast, clearer ver-
tical structures (across columns) are observed, indicating consistent performance
differences among models across most sites. Hierarchical clustering reinforces this
interpretation: grouping is primarily driven by similarity among model columns
rather than among site rows, suggesting that variability in rankings is dominated
by the model effect.

Statistical confirmation was obtained using the Friedman test for repeated-
measures designs, treating wind farms as blocks and models as treatments. For
each site, models were ranked according to the performance metric, and the test
statistic evaluates whether average ranks differ significantly across treatments.
The null hypothesis of identical performance distributions was strongly rejected
(MSE: x? = 596.01, df = 26, p < 2.2 x 10716; bias-corrected MSE: x? = 503.79,
df = 23, p < 2.2 x 107%%; MAE: x? = 578.10, df = 26, p < 2.2 x 10716),
Subsequent Nemenyi post-hoc comparisons identified statistically distinct groups
of models that mostly coincide with the clusters exhibited in Figure 7. These
results support rankings as an appropriate and robust summary measure.
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4. Conclusions

This research addresses the need to use diverse modeling approaches for fore-
casting normalized wind power generation. Given the bounded nature of the capac-
ity factor, the decision to model this variable directly or map it to an unbounded
space has a significant influence on performance for a site of interest.

Our findings highlight that both bounded and unbounded models have distinct
advantages, and their suitability depends on the context. Bounded models, such
as Beta regression and Quasi-binomial regression, respect the natural limits of
the response variable, simplifying the prediction task. Alternatively, transforming
the response variable to an unbounded space enables the use of a wider range
of models, including regularized regression, GAMs, and support vector machines,
though at the cost of potential transformation-induced bias.

Aggregate performance rankings across 25 ERCOT wind farms revealed that
models using transformations such as v-logit and probit consistently outperformed
others in terms of both MSE and MAE. Generalized Additive Models and Support
Vector Machines with these transformations were especially robust across sites.
Models with the cauchit transformation performed worse on average but showed
marked improvement when combined with a bias-correction mechanism.

This research also confirms that a bias-correction mechanism can enhance un-
bounded models. The proposed correction, motivated by a second-order Taylor
approximation and tuned via a data-driven approach, yielded substantial gains for
transformation-based models, particularly those initially underperforming. Even
when gains were moderate, the correction reduced variability and improved relia-
bility.

Although timely and enlightening, this research provides a number of areas for
extension and further refinement:

e Model diversity. Subsequent studies can also consider deep learning models
such as LSTM, transformer-based models, or ensembles; to better capture
nonlinear relationships derived from physical laws.

e Alternative bias-correction techniques. Investigating other correction mech-
anisms aligned with the decision-making process and the operational inte-
gration may lead to improved correction methods.

e Variable selection and feature engineering. Experiments on the influence of
feature selection methods and additional meteorological variables on model
precision could enhance robustness and predictive ability of the candidate
models.

e Spatio-temporal modeling. While this work highlighted trend-surface mod-
eling, adapting the approach to include spatial and temporal dependencies
in an explicit form (e.g., through spatio-temporal Gaussian processes or deep
spatio-temporal neural networks) and analyzing its impact in the overall per-
formance would be expected to provide a better understanding of the drivers
for wind power predictability and wind resource assessment.
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Overall, our results advocate for a flexible, well-informed approach to model
selection, transformation, and correction when predicting normalized wind power
output. This is particularly important because reducing uncertainty in wind power
prediction can directly contribute to higher utilization of renewable sources in the
power grid. Beyond forecasting, the methodological insights of this work can in-
form other applications such as anomaly detection (e.g., identifying equipment
malfunctions or data inconsistencies), explainable Al for extracting physical in-
sights from meteorological-production relationships, and improved decision sup-
port for operational planning and maintenance scheduling.

[Received: October 2025 — Accepted: March 2026]
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