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Abstract: Short-term wind speed forecasting is essential for enhancing the efficiency and
dependability of wind renewable energy installations. Although often used, conventional point
predictions generated by machine learning techniques frequently fail to accurately capture the natural
uncertainty associated with wind speed variation. Modeling this type of uncertainty is crucial for
providing credible information as the level of uncertainty increases. Prediction intervals (PIs) offer a
probabilistic framework for quantifying forecast uncertainty. This paper presents a hybrid forecasting
methodology that combines support vector regression (SVR) with adaptive kernel density estimation
(AKDE) to estimate wind speed prediction intervals over various short-term horizons (10, 30, 60, and 120
minutes). In contrast to standard kernel density estimation (KDE), which employs a uniform bandwidth
and may overlook local data attributes, the adaptive KDE approach adjusts the bandwidth in
accordance with the local distribution of forecast errors, thereby facilitating more precise and locally
tuned uncertainty quantification. The efficacy of the proposed SVR-AKDE model is evaluated against
conventional KDE-based interval estimation. Outcomes are assessed by recognized PI quality
indicators, including prediction interval coverage probability (PICP), prediction interval normalized
average width (PINAW), and coverage width-based criterion (CWC). Simulation findings confirm the
efficacy of our approach and demonstrate that the SVR-AKDE-based PI forecasting consistently
provides enhanced coverage and narrower widths compared to traditional KDE. This approach
provides a comprehensive solution for short-term wind speed forecasting with quantifiable uncertainty,
therefore enhancing its application in operational wind energy control.

Keywords: wind speed forecasting; renewable energy; support vector regressors; prediction intervals;
probabilistic energy forecasting; adaptive kernel density estimator; AKDE; SVR




2270

1. Introduction

Nowadays, wind energy is sustainable and holds particular promise for enhancing smart grid
stability during seasonal periods of the year [1-3]. Wind speed (WS) is a key factor in the wind energy
sector; therefore, understanding and modeling WS variation is crucial for optimizing wind power (WP)
production. WS changes randomly and fluctuates over time depending on the geographical
environment and climate change [4]. This variability is due to non-linear and non-stationary features
of the WS time series data [5-8]. A slight change in WS can cause a significant shift in energy
production since the power produced by a wind turbine is proportional to the cube of the WS [9].
Therefore, reliable forecasting of WS provides adequate knowledge to make informed choices about
the strength of WP in a given area.

Numerous WS prediction techniques have been developed to offer point forecasts, also known as
deterministic forecasts, which do not adequately reflect the uncertainty and volatility of WS [10-12].

Consequently, it was considered necessary to identify a method for quantifying the uncertainty
factor, such as Pls. Based on a given confidence level reflecting the model's reliability, PIs offer a
range within which the measured WS is expected to fall [13].

Because the WS fluctuation is arbitrary, it can be statistically examined. Among the several
techniques available to simulate WS is the probability density function (PDF). The PDFs reflect the
characteristics of random variables for statistical analysis, including distribution shape, scaling,
extreme values, and pertinent factors. In this study, PDFs are applied to analyze wind speed prediction
errors, which is a significant foundation for calculating PIs of wind speed.

Numerous research suggest employing non-parametric techniques, such as KDE, to estimate the
PDF of WS prediction errors. Typically, this technique relies on a constant bandwidth around error
points in a dataset of estimates and may not accurately reflect local density changes in the data.
Actually, in a probability density distribution, there is a continuous fluctuation in data density, so using
a single bandwidth for the entire distribution is not always satisfactory. In this study, we propose a
new approach to address these challenges: an adaptive kernel density estimation (AKDE) method
based on nearest neighbor estimation (NNE) that accurately characterizes the error probability density
distribution of WS estimations. The AKDE offers a more precise and adaptable analysis of WS errors
by adjusting the local bandwidth based on local data density. This approach offers a significant
improvement over conventional distribution methods. These improvements will enable a more
accurate capture of local density fluctuations in WS prediction errors.

1.1. Related works

PI approximation estimates the range of potential future changes in a value when the original data
shows irregular fluctuations. Practically, interval prediction provides upper and lower boundaries of
predictions at given confidence levels. That provides decision-makers with sufficient information on
uncertainty for more accurate decision-making [14—16]. In WP applications, PI estimation is
particularly beneficial for wind farm operation and maintenance engineers, enabling them to plan their
tasks and formulate reasonable scheduling procedures [17].

In recent years, machine learning (ML) models have become prominent techniques for both point
and interval WS predictions [11,12,18]. WS PI estimation systems have recently employed several ML
models and architectures. Most of the recently proposed models are either ensemble models [19-22],
combined models [23-25], hybrid models [26-29], or deep learning (DL) models [30—32]. Ensemble
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models combine parallel predictors of statistical regressors and/or ML models. Hybrid models are
composed of a combination of optimization techniques and machine learning (ML) models.

The authors in [14] combined least support vector machines with the multi-objective ant lion
optimization algorithm to estimate hourly prediction intervals of WS. The authors in [18] introduced
a framework comprising five single ML predictors of the following types: support vector machine
(SVM), extreme learning machine (ELM), deep belief network (DBN), long-short term memory
(LSTM), and convolutional neural network (CNN) for both WP deterministic and probabilistic interval
prediction. The deterministic point forecasting outputs of the individual predictors are combined using
the critical weight method. Then, the nonparametric KDE method is applied under different confidence
levels to estimate the PIs for each point prediction. A new probabilistic framework based on
explainable neural networks (NNs) was introduced by Huang et al. [16]. The PIs around deterministic
forecasts are provided by statistical synthesis of WS forecasting uncertainties via the KDE method [16].
The system presented in [19] introduced ensemble learning for deterministic and interval WS
forecasting. The introduced approach consisted of mixed-frequency modeling and applied a multi-
objective optimizer to enhance the performance of independent ELM forecasting models. An ensemble
learning approach is introduced in [20]. The model applied a multi-objective optimization approach to
combine NNs and SVRs. The authors in [21] applied the multi-objective dragonfly algorithm to
combine NNs and statistical models. In a preprocessing phase, the authors applied a fuzzy information
granulation method to reduce the dimension of WS records. The authors in [22] examined several
statistical and ML prediction methods according to modal characteristics. The authors applied several
optimization algorithms to improve the overall prediction capabilities. A regression bi-directional
LSTM ensemble was proposed in [23] for estimating uncertainty in WS probabilistic forecasting. The
authors in [24] introduced multi-objective ensemble learning with variational mode decomposition for
short-term WS PI estimation. This hybrid approach combined a multi-objective artificial hummingbird
algorithm with statistical and gated recurrent forecasting methods specifically for WS PI forecasting.
The authors in [26] applied gated recurrent units (GRUs) to estimate WS PIs based on prediction errors.
In a preprocessing phase, a variational mode decomposition is used to decompose the complex WS
time series records into simplified modes. The prediction errors are aggregated to compute the final
PIs’ widths. The particle swarm optimization algorithm was used to determine the optimal weights for
the prediction.

In [27], a hybrid model that applies an auto-encoder-based feature extractor was proposed. The
suggested approach used bidirectional LSTM (bi-LSTM) models for short-term WS PI forecasting.
The simulation results indicated that feature extraction through an auto-encoder helps produce narrow
PIs with quality PI coverage. In [28], a hybrid framework that combines a radial basis function (RBF)
model, the fast correlation-based filter (FCBF) algorithm, and the Fourier distribution to construct a
WS PI model. The FCBF algorithm was applied to filter the influences that affect changes in wind
speed and direction. Then, an enhanced version of particle swarm optimization (PSO) was applied to
optimize the RBF model. The Fourier distribution was applied to fit the probability distribution of
estimation errors used for estimating the WS PIs. The work described in [29] proposed a hybrid model
that combines a set of statistical and ML models, a modified multi-objective tunicate algorithm
(MMOTA), and a quantile regression (QR) tool for deterministic and probabilistic interval forecasts
of WS. The authors in [30] applied empirical mode decomposition to extract the linear component of
the WS data series. Next, they used an autoregressive integrated moving average (ARIMA) model and
an MLP trained by back-propagation supervised learning to find the deterministic prediction points.
Finally, an enhanced Markov chain model was employed to achieve the uncertainty analysis of WS
errors and estimate the PIs. The work in [31] introduced a PI forecasting model of type temporal
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convolutional networks (TCN) to estimate WS PIs. The structure of the model consists of a TCN layer
as the input layer, multiple fully connected hidden layers using the tanh activation function, and an
end-to-end sorting layer at the output.

Recent improvements in probabilistic forecasting have integrated DL models with quantile-based
loss functions to improve uncertainty estimation. Recurrent models, such as LSTM and GRU, have
been employed with the pinball loss function to provide PIs that exhibit enhanced sharpness and
calibration, as shown in crude oil price forecasting [32]. Similarly, transformer-based models such as
the multi-granularity auto-former have demonstrated efficacy in capturing temporal relationships for
long-term power load point and probabilistic forecasting tasks [33]. Moreover, hybrid architectures
that integrate Fourier features and quantile regression have been effectively utilized for probabilistic
environmental forecasting tasks [34].

Recently, several studies have introduced conformal prediction methods for probabilistic
forecasting of wind speed [35,36]. These approaches utilize DL models (e.g., LSTMs and DNNs)
that may be combined through a stacking ensemble and fine-tuned using conformal prediction
methods [35]. Conformal prediction methods generally produce distribution-free, accurate prediction
intervals based on the concept of exchangeability. Additionally, they leverage data-driven calibration
and theoretical coverage assurances, making them ideal for complex, high-dimensional forecasting
problems where deep structures can extract nonlinear temporal patterns.

Conformal approaches provide robust theoretical guarantees and adaptable integration with
complex models; yet, they can be computationally intensive and may exhibit broad intervals in areas
with significant data variability. Conversely, nonparametric KDE-based methods incorporating ML
point predictors are simpler, faster to train, and more appropriate for smaller or moderate-sized datasets,
where probabilistic calibration can be achieved through adaptive density estimation.

1.2. Objectives and contribution

Most of the solutions mentioned above employ nonparametric distribution estimation approaches,
such as KDE, to estimate the PDF of the prediction errors. The KDE smooths data points using kernel
functions, such as the Gaussian function, and a bandwidth, which represents the degree of smoothing.
These two factors are critical in estimating the distribution provided by the KDE method, as they
determine the smoothness of the PDF estimate by affecting the kernel’s width [37]. The approaches
mentioned above often rely on a fixed bandwidth and may not completely capture local density
variations of the data. Actually, in a probability density distribution, there is a continuous variation in
data density, so adopting a single fixed bandwidth for the entire distribution may not be satisfactory.

The work in [38] has shown that kernel functions are less critical than bandwidth selection. A
small bandwidth leads to a PDF estimate that is noisy because each data point significantly influences
the forecast, resulting in clear high and low points. Consequently, the PDFs may not represent the
data’s general empirical density well (under-smoothing). On the other hand, a bandwidth that is too
large results in a PDF estimate that is too smooth, losing significant details and structural
characteristics of the data distribution. The PDF estimate can also be too flat compared to the empirical
density, failing to distinguish outliers in the data (over-smoothing) [39,40].

In this study, we propose a new approach to address these challenges: an AKDE method based on
NNE to characterize the error probability density function of WS prediction. The AKDE provides more
accurate and flexible WS prediction error distribution by adjusting the local bandwidth based on data
density. This method offers a notable advancement over standard distribution models by allowing
varying bandwidths according to data density. That will help in better capturing the local density
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variations of WS prediction errors. The AKDE is viewed as a bandwidth optimization method that
replaces the fixed-bandwidth (global-bandwidth) KDE distribution. This approach allows for different
bandwidths among different data points, making the KDE distribution better adapted to the empirical
data’s distribution structure.

The proposed method in this work enhances the descriptive power of the distribution of prediction
errors. Statistical measures are used to compare the performance of the proposed model in predicting
short-term WS forecasting PIs with that of the conventional KDE approach. The simulations
demonstrate that the AKDE coupled with known SVR models provides a better fit, thereby
highlighting its effectiveness in capturing the complex features of the WS prediction error distribution.

The main contributions of this work are summarized as follows:

1. Propose a novel probabilistic approach to estimate PIs for short-term forecasting of WS using
SVR models and AKDE on a new time series dataset.

2.The AKDE method based on NNE is applied to describe the WS prediction error probability
distribution accurately. The obtained PDFs of point prediction errors enhance the estimation of Pls for
WS forecasting compared to those obtained using the standard KDE method on the examined dataset.

3. The AKDE-based probabilistic model is validated on several different resolutions of WS time
series data (10, 30, 60, and 120 minutes) without setting a hypothesis about the distribution of the WS
prediction errors in advance.

4. The overall performance of the obtained SVR-AKDE-NNE hybrid model is compared to that of
others based on the KDE method, using similar deterministic prediction models. Additionally, the
simulations demonstrated an overall consistent improvement in the performance of the proposed model
as the resolution of data records decreased.

The obtained simulation results demonstrated the effectiveness of the introduced framework.
Three evaluation metrics, specifically, the prediction interval coverage probability (PICP), the
prediction interval normalized average width (PINAW), and the coverage width-based criterion
(CWC), have been chosen to evaluate the WS PI forecasting framework.

The subsequent sections of this work are structured as follows: Section 2 presents the
methodology and the techniques employed. Section 3 details the structure of the proposed approach.
Section 4 presents and discusses the simulation setup and results. Lastly, in Section 5, we provide the
conclusion and implications of this study.

2. Related methodology
2.1. Support vector regressors
SVR models are ML methods to address regression problems. Currently, they are considered

competing methods for approximating continuous functions [41-43]. SVRs are a type of SVM
intended for modeling regression tasks.
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Figure 1. SVRs with support vector points and the epsilon parameter.

SVRs aim to identify a flexible boundary around the target function to be approximated,
encompassing as many data points as feasible within a set margin of tolerance provided by the parameter
epsilon (¢) [41]. In SVR models, support vectors are the critical data points that lie on or outside the
boundaries of the epsilon tube defined by the parameter epsilon € around the predicted function, as shown
in Figure 1. These points only decide and influence the ultimate position and orientation of the regression
function. This approach renders the model less susceptible to outliers [42].

SVR models utilize kernel functions to manage non-linear interactions among variables.
Frequently utilized kernels comprise the polynomial kernel, radial basis function (RBF) kernel, and
sigmoid kernel [41]. These kernels transform the input feature space into a higher-dimensional space,
allowing the SVR to identify complex patterns and associations among datasets.

SVRs are helpful because they are resilient to outliers and can represent non-linear correlations
between input variables and intended outputs. At the same time, their computing complexity remains
independent of the dimensionality of input data vectors.

2.2. Kernel density estimation (KDE)

KDE is a non-parametric estimating technique commonly employed for data fitting when the
underlying probability density function (PDF) is unavailable [44,45]. The KDE uses a kernel function
and a bandwidth to find an elevation curve for each observation point in the data. In other words, it
consists of positioning a smooth kernel function at every data point. It subsequently aggregates these
kernels to formulate a continuous approximation of the underlying probability density function of the
data points’ distribution. The PDF of a random variable quantitatively represents the probability of
that variable taking a particular value. This statistical method does not pre-suppose any specific
distribution of the data. Our research employs the KDE method to develop a stochastic distribution model
of the WS predicting errors. We assessed the performance indicators of the wind speed by examining the
distributions of anticipated WS estimation errors generated by the ML prediction models.

The PDF is generally computed as follows:

Let W = {wy,w,, w3, ... ,w,} denotes a set of n sample points representing WS prediction errors.
Then, the PDF of the WS errors is implemented as follows:
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pw,H) = — Y2k (=2

nxH H

(1)

where K(w, H) denotes the kernel function, H indicates the bandwidth parameter that regulates the
smoothness of the estimation, and w; is the i®" sample of the WS prediction error.

Common kernel functions utilized in the KDE approach include the Gamma kernel, uniform
kernel, and Gaussian kernel, among others [44,45]. In this work, the Gaussian kernel function k was
chosen for estimating the probability density function of the error distribution using the KDE method.
The function k() is defined as:

_(w- wy)®

w—w;\ 1 [——=—1]
k( H ) o \/Zne 2H? (2)
Hence, the estimated PDF is represented as:
" 1 _1 W= Wiy2
p(W,H) = T i ?:19 2( H ) (3)

where H represents the bandwidth parameter that defines the extent of the distribution interval of the
prediction error, while w; is the i*" sample of the WS prediction error.

The performance of KDE is primarily contingent upon the selection of the bandwidth. Sometimes,
bandwidth is determined through experiential comparison of PDFs [46]. Nevertheless, these
comparison-based methods are laborious, time-consuming, and do not necessarily yield the most
accurate estimations.

2.3. Adaptive bandwidth for kernel density estimation (AKDE)

Due to the significant impact of bandwidth on the performance of KDE distributions, numerous
studies have been conducted to determine the optimal bandwidth for KDE-based distribution, as
reported in the literature [47,48].

The AKDE is a bandwidth optimization technique that substitutes the global bandwidth KDE
distribution (fixed-bandwidth) with a variable one. This method allows for varying bandwidths among
distinct data points, thereby enhancing the KDE distribution’s alignment with the underlying structure
of the empirical data. Numerous studies have examined adaptive bandwidth density estimation in KDE,
which is regarded as superior to the global bandwidth [49,50]. The primary objective is to ensure that
the bandwidth for the KDE distribution is adaptable based on the local density of the observed data.
The AKDE technique emphasizes modifying the bandwidth to suit local data. That means the
bandwidth is assessed locally. In practice, the NNE approach is commonly employed to evaluate
the local density surrounding each data point by measuring the distance to the nearest neighboring
points [51]. This local density is used to determine the bandwidth size of the AKDE distribution.
Regions with short neighboring distances represent high density; hence, the bandwidth for KDE will
be sufficiently small to yield precise estimates and more accurate information. Conversely, in regions
with greater nearest-neighbor distances, indicating reduced density, the bandwidth will be increased
to ensure smoother, less noisy estimates.

2.3.1. NNE technique
The NNE method utilizes a specific number of nearest data points to approximate the PDF, rather

than using the entire dataset. The examined WS prediction error data has a dimensionality d = 1. Each
particular observation point w has a Euclidean distance to the k" nearest neighbor in the dataset
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{w;}i=,, which we name here 1, (w). Let L, (w) denote the length surrounding 73 (w) on both sides
of w, so L, (w) can be represented as follows:

Li(w) =2 r(w) 4)

Let the density at w be denoted by p(w), and then for a sample of n data points, there are
n p(w) L, (w) observations in the interval around w. Then, p(w) can be estimated as:

ko k
n Lp(w) o 2nrrw)

p(w) = )

The parameter k operates as a “frame” for local data density; higher values of k yield smoother
estimates, while lower values of k result in less smooth estimates. Around each observation point w,

every data point within distance 7, (w) from w contributes an amount of to the density

2nri(w)
estimate. Therefore, the density estimation at w looks like a kernel estimation employing the indicator
function of a unit interval, scaled by the length of the unit interval to guarantee the kernel integrates to 1,
with a bandwidth of 1, (w). This bandwidth directly affects the NNE, making it analogous to a KDE
with spatially varying kernel width. The NNE approach can be expanded to incorporate complex
kernels beyond basic indicator functions. The application of a kernel K facilitates a generalized form
of the NNE [52]. Therefore, the estimated PDF is represented as:

Pr(w) = — 30 k [ (6)

nrg(w) (W)

This technique determines the closest neighbor of a specified data point and typically employs
this neighbor’s value for estimation.

2.3.2.  Implementing AKDE using NNE

To estimate the adaptive bandwidth for the WS prediction error distribution using NNE, we
included the estimation of local bandwidth b(w;) for each data point w;. Such bandwidth b(w;) is
proportional to the distance from w; to its k'™ nearest neighbor. A smoothed pilot density estimate
p(w) is the baseline for selecting these bandwidths.

The scaling factor L; for each data point’s bandwidth is defined by:

L= [ (M)

where g, the geometric mean of the pilot densities, is given by:
1 on n
g=exp|s Tiylog (B(wy)) | (8)

The sensitivity parameter a controls the degree of bandwidth adaptation to changes in the pilot
density estimate. The adaptive bandwidth for each data point w; is considered as follows:

b(w;)) = hL; (€]
where h is the initial bandwidth. Thus, the estimate PDF using AKDE is calculated as follows:
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PW) = 3 kes] = sty k[ (10)

The sensitivity parameter « in Eq (7) helps in adjusting the bandwidth in response to local
density variations. In general, « = 0.5 represents a balanced setup [53].

KDE utilizing the NNE technique necessitates the identification of the number of neighbors and
their proximity to compute density. In this context, L; quantifies the impact of the data point for
implementing the KDE method, where tuning constants such as h and a are necessary to establish
the initial estimate. Figure 2 illustrates the AKDE approach, which includes the recommended adaptive
bandwidth selection technique.

After importing the WS prediction error dataset, the local density is computed by measuring the
distance to the nearest neighbor points to find the neighborhood length and the density of each data
point. Then, the adaptive bandwidth is established according to local density by computing geometric
mean values and scaling factors to modify the bandwidth for each point. Subsequently, the PDF is
calculated using the adaptively modified bandwidth for each data point. The model is then evaluated
and refined to get optimal accuracy.

Input Data
Wind Speed Prediction Errors

20

Compute Local Density using NNE
* Find the distance to k-nearest neighbor

* Compute the neighborhood length: Li(w) = 2r,(w)
k

2nry(w)

* Estimate the local density: Pr(w) =

-
Tl

Compute adaptive bandwidths
* Estimate the geometric mean: g = exp E Yiuqlog(p(w;)) ]

* Find the scaling factor: L;= [_ﬁ(:ij]—a
\ * Compute the local bandwidth: b(w;) = h L;
o 3
U
N

Estimate PDF

W= Ww;

* Estimate PDF using adaptive bandwidth: p(w) = i ELI% k[ o ]

" ¥

Figure 2. The general steps of the AKDE method which includes the adaptive bandwidth
selection technique.
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3. Proposed approach

This section outlines the general structure of the hybrid probabilistic approach for estimating the
WS PIs. Figure 3 illustrates the overall structure of the proposed approach. The suggested model
utilizes the weather parameters in the WS data records at time t as inputs. The output results include
the lower bound L§,; and upper bound U, ; of the Pls at time ¢ + 1 with the associated confidence
level 100(1 — @)%, where a does not designate the sensitivity parameter mentioned in Eq (7).

4 1
Weather and Data Preparation
Solar Data
— == Remove Outliers (QM) R ——
TJ iy P e, M
j e e e @cal Error Density\ Adaptive Prediction
Standardization Points Prediction Estimation Intervals
—
Train/Va |. a'tlon/Test : PDF |\ | 195 %
Splitting | : s
I B
| E o= «
: CDF L/ o Ueso0%
e — — \ — ‘
- & / =) L‘:;fo %
@ @ [j 3 SVR models j i AKDE !
Training Validation Testing I
— S : '
I Sliding Window ‘ Local Point Error ye=80%
\ / \_  Estimaton / ] L:‘}} =l
5
AN J

Figure 3. The general structure of the WS adaptive PI forecasting model.

As illustrated in Figure 3, the general structure of the WS prediction approach consists of four
steps. The first step involves processing and preparing the data records for deterministic prediction. That
includes removing outliers using the QM method [54] and then data normalization. The second step
consists of the SVR-based point prediction module. In the third step, the AKDE method is applied to
estimate the local distribution of prediction errors at each point provided by the point prediction module.
The fourth step estimates the adaptive PIs around each point prediction. The following subsections
detail each module of the proposed approach.

3.1. Data processing module

The data pre-processing and preparation module includes three primary steps:

(1) Outlier Removal: Outliers are eliminated using the QM method.

(2) Data Scaling and Normalization: Data normalization through MinMax scaling aims to rescale
features and variables to a uniform range, typically between 0 and 1. This is achieved by subtracting
the minimum value from each data point and subsequently dividing by the range (maximum —
minimum), as illustrated in Eq (11).

p—min(P)

(an

Pscaled = max(P)— min (P)

where p denotes the value of parameter P, and min(P) and max(P) designate the minimum and
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maximum values of the parameter P, respectively.

(3) Sliding Window: This technique enables the transformation of a prediction task into a
regression task. The sliding window reorganizes the time series data by utilizing the weather
parameters and the WS of the k" record as the input vector, while the wind speed of the (k + 1)**
record serves as the corresponding goal output.

3.2. Point prediction module

The point prediction module consists of an SVR-based model for deterministic wind speed
forecasting. In this study, we examined the performance of the SVR predictor on several resolutions of
data records, namely the 10-, 30-, 60-, and 120-minutes resolutions. Therefore, we developed four SVR-
based models for the short term deterministic prediction of WS. All analyzed SVR models utilize
RBF kernels, which are efficient at simulating non-linear connections between target and input
variables [44,45]. The primary hyperparameters that we used for all the SVR models are:

o Kernel: rbf

e C (Regularization parameter): 1.0

e Epsilon (e-insensitive loss function margin): 0.3

e Gamma (kernel coefficient): ‘scale’, which is a default setting in the employed framework

that we describe in Section 4.3

We chose these hyperparameters after applying a grid search using 5-fold cross-validation on the
training set. We explored a range of values for C (like [0.1, 1, 10]), epsilon (like [0.1, 0.2, 0.3]), and
gamma (like [‘scale’, ‘auto’, 0.01, 0.1, 1]) to find a good compromise between accuracy and
generalization. The best-performing combination based on validation performance was selected.
The four acquired deterministic prediction models are enumerated as follows:

Table 1. The SVR-based predictors for point predictions of WS.

Model Description

SVR-RBF-10mins SVR model with rbf kernel trained on 10 minutes resolution data
SVR-RBF-30mins SVR model with rbf kernel trained on 30 minutes resolution data
SVR-RBF-60mins SVR model with rbf kernel trained on 60 minutes resolution data

SVR-RBF-120mins SVR model with rbf kernel trained on 120 minutes resolution data

3.3. Interval prediction module

The fourth step of the proposed methodology employs the KDE technique to estimate the PDF
that aligns with the regression errors of WS point predictions produced by the SVR models. This helps
in estimating the PIs of WS. A significant limitation of conventional KDE is its reliance on a global
bandwidth parameter, which assumes a uniform smoothing over the entire data domain. Particularly
in areas where the prediction errors show non-uniform density, this assumption could result in
underestimating or overestimating local changes. The AKDE technique has been proposed to address
this issue by locally adjusting the bandwidth based on the data density. The NNE technique facilitates
the computation of local bandwidth at each data point by assessing the distance to the k-nearest
neighbors of that point. This capability enables the AKDE method to accurately reflect local variations
in the probability distribution of prediction errors, hence improving the estimate of prediction intervals
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with highly fluctuating WS data. In this study, we compare the performance of the two methods: the
conventional KDE and the adaptive KDE. Both methods were evaluated for each of the four examined
data records’ resolutions.

3.3.1. KDE models

The following modeling was conducted for each of the SVR models specified in Section 3.2; in
other words, each of the following KDE applications was repeated for each of the four examined data
resolutions described above.

After training the SVR using a training dataset with a particular resolution 7, the errors of the
deterministic predictions of the WS were evaluated using the validation dataset. Consequently, a
sequence of distinct prediction errors E, was generated as follows:

E. ={e}, e? ...,e}} (12)

where R represents the number of validation dataset records related to the resolution 7.
The KDE method is then applied on E, to estimate the related PDF. The calculation is applied
as follows:

15— el
1 2GD?

f(syhr) = \/ﬁnhr §=1 e_2 hr (13)

Equation (13) estimates the PDF of the prediction errors provided by the SVR model trained and
examined on the datasets with resolution 7.

The h, parameter in Eq (13) represents the bandwidth that determines the width of the
distribution interval of the prediction error. In general, selecting an appropriate value of the bandwidth
parameter h, controls the smoothness of the estimation. This, in turn, helps minimize the estimation
error [44]. In this study, we employed the trial-and-error method to select an optimal bandwidth value
for each error dataset based on the best performance on the validation set in terms of PICP and PINAW.
This is a common method in nonparametric density estimation when a closed-form solution in
predictive error modeling cannot determine an ideal bandwidth. The same validation-driven selection
process was applied uniformly to all KDE-based models, ensuring a fair comparison. In contrast, the
AKDE method adapts bandwidths locally and does not rely on a global trial-and-error search, which
is precisely what we need to enhance. Consequently, the comparison is unbiased, but it instead
underscores the advantages of data-driven adaptability over global manual tuning.

The obtained PDF is used to compute the cumulative distribution function (CDF). The CDF
represents the probability that a random variable, in this case, the point prediction error, will take a value
less than or equal to a given value [44,45]. In practical terms, integrating the PDF of the point prediction
error distribution enables the CDF to accumulate probabilities up to a specific value, facilitating the
estimation of the Pls.

The developed model computes the CDF to determine the fluctuation range of the prediction error,
given a PI nominal confidence (PINC) set at 100(1-a)%. The range of fluctuation can be articulated in
the following manner:

I, =[F(a),F(1 —a/2)] ,where 0<a<1 (14)

Consequently, the estimated PI associated with the predicted target of WS at a 100(1-a)%
confidence level is defined as follows:
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|29, 09 )| = 99 = F(@), 3 + F(1 = a/2)] (15)

where 371.(“) is the deterministic prediction of WS related to the input x; and the confidence level
100(1 — a)%. F(a) designates the value of the related CDF.

3.3.2. Adaptive KDE models

Similar to the KDE process described in 3.3.1, we applied the AKDE method to the prediction
errors provided by each of the SVR models introduced in Section 3.2. In other words, each of the
AKDE applications is repeated for each of the four examined data resolutions described above.

The same sets of prediction errors E, described in Eq (12) are used to estimate the PDFs of error
distribution using the AKDE method. For each error dataset E,, we proceed as follows: First, we
evaluate the adaptive bandwidth h(wi) for each data point w; using Eqs (7)—~(9) with the sensitivity
parameter a = 0.5.

Thus, the estimated probability density function p,(w) for each resolution r is estimated based
on Eq (10) as follows:

A _ l n 1 w—w;
prw) = 2 iz k)]

(16)

where r represents the resolutions of data records, namely 10, 30, 60, and 120 minutes. b, (w;) is
the adaptive bandwidth computed in Eq (9), which is related to resolution 7.

In our simulations, the AKDE bandwidth is computed adaptively for each test point using the
local error distribution obtained from its & nearest neighbors in the validation set. Specifically; we set
k = 10 for local bandwidth estimation during density scoring. This value was selected based on
preliminary validation experiments to balance locality and statistical robustness. As per the initial
bandwidth (h), we do not use a fixed initial bandwidth. Instead, we estimate a local bandwidth
dynamically as follows:

h = 0.5 X mean(| local errors |) (17)

This acts as a smooth scaling factor and was found to be effective in capturing local density variation.

The proposed probabilistic prediction approach consists of three main steps, as depicted in
Figure 4. During the initial phase, the training data subset is used to construct the corresponding SVR-
based model for point prediction. The optimal version of the trained SVR model for each data resolution
is preserved for the next phase. During the second phase, the PDF of the error distribution is computed
using the AKDE method. The dataset of prediction errors for each resolution is obtained by examining
the trained models using the validation data subset. Subsequently, the acquired error datasets and the
estimated PDF functions are used to compute the CDF of the errors associated with the same resolution.
The WS prediction models for estimating Pls are statistically built next. In the final phase, the
probabilistic framework is evaluated using the testing data subset to determine its efficacy in delivering
WS forecasting uncertainties, which are probabilistically represented as a collection of Pls, as
demonstrated in Eq (15).
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Figure 4. Flowchart illustrating the usage of data subsets in the AKDE probabilistic framework.
4. Simulations and discussion
4.1. Evaluation metrics of prediction
4.1.1.  Evaluation metrics of point prediction

The forecast performance of the point prediction models is measured using three statistical
evaluation indices that are defined as follows:

e The root mean square error (RMSE) assesses the errors between real values and predicted ones by

estimating the average distance of the estimated values from the real ones. This index is as follows:

Y (Hpi—H)?
n

RMSE = (18)

where Hp; is an estimated output and H; is a measured value associated to that output.

e The mean square error (MAE) estimates the average value of prediction errors without counting
their directions. The formula that computes this index is as follows:

1
MAE = —¥i_; |Hpi — H;l (19)

e The mean bias error (MBE) calculates the average bias in a model’s predictions and designates
whether a prediction model tends to under-predict or over-predict the actual values.
This index is evaluated as follows:

1
MBE = —¥i_1(Hp; — H;) (20)
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e The mean absolute percentage error (MAPE) calculates the average absolute percentage
discrepancy between the expected values and the actual ones. It is calculated as follows:

MAPE = 137 |- ”‘| x 100 Q1)

For all the above-cited criteria, the lower Values 1ndlcate a superior model performance.
4.1.2.  Evaluation metrics of PI-based forecasting performance

Three criteria of assessment were chosen to examine the performance of the PI forecasting models.
These criteria are defined as follows:
e The PICP measures the proportion of times the real values fit inside the PI. Practically, it evaluates
the interval accuracy in terms of coverage. The PICP is calculated as follows:

1, p; €[LyU;
PIPC = %N, c; ,ciz{ P € 1L, U]

0,p; & [Ly U] 22)

where N is the whole number of testing samples, and ¢; is a Boolean variable that is equal to 1 if the
sampling point p; € [L;, U;],and 0 if p; & [L;, U;].

A perfect PICP should nearly match the confidence level of the intervals, say 90% for 90%
confidence intervals. This correspondence implies that the Pls correctly reflect the expected percentage
of exact data. On the other hand, a low PICP indicates that the PIs are too tight and may not cover the
majority of the data. Moreover, a high PICP suggests that the PIs are excessively broad, including an
unwarranted amount of uncertainty.

e The prediction interval normalized average width (PINAW) calculates the mean width of the Pls
in relation to the data range. The PINAW is calculated as follows:

PINAW = —2” Ui L

=1 Ymax Ymm

(23)
where U; and L; denote the upper and lower boundaries of the i*" estimated PI, whereas Y,,, and
Ynin are the highest and lowest values of the target output in the testing dataset.

A 'lower PINAW score designates narrow Pls relative to the data’s range, indicating more precise
predictions. But, to guarantee that tighter intervals do not cause under-coverage, one needs to find a
balance between lower PINAW and PICP.

e The coverage width criterion (CWC) combines both the coverage probability PICP and the
normalized width of the PI PINAW metrics. It penalizes both low coverage and broad Pls
simultaneously. The CWC is calculated as follows:

CWC = PINAW (1 + y e 1(PICP= 1y (24)
0,PICP = pu
- {1, PICP <pu

u designates the target confidence level, e.g., 85%, and 1 represents the penalty factor that
weighs the importance of achieving the target coverage probability. Usually, ) is adjusted empirically.
Lower values of CWC are ideal, as they indicate good coverage accuracy and narrow Pls.

4.2. Simulation data set and pre-processing

Our simulations were conducted using time series records from the AUMET dataset, which
contains historical weather and solar radiation data records. The AUMET dataset is collected at the
AUMET weather station at the American University of the Middle East (AUM) in Kuwait [54]. Each
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data record of the AUMET dataset consists of the measures of sixteen weather and solar radiation
parameters with a 5-minute resolution. Our experiments considered a selection of nine parameters,
which are listed in Table 2.

Table 2. The studied weather and solar data features in the AUMET dataset.

Parameter Description

Air Density Density of the air (Kg/m?)

Air Temperature Temperature at three meters above surface (C°)
Corrected Wind Direction Corrected wind direction (deg®)

Pressure Air pressure (hPa)

Relative Wind Direction Relative wind direction (deg®)

Relative Wind Speed Wind speed (m/s)

Relative Humidity Relative humidity (Pct)

Solar Radiation Quantity of solar radiation (w/m?)

Surface Temperature Air temperature at 10 cm altitude above the surface (C°)

The AUMET dataset contains 97,176 total records. The resolution was lowered from 5
minutes to 10, 30, 60, and 120 minutes sequentially during the preprocessing stage. As a result, we
acquired four datasets at lower resolutions. Each of the obtained datasets was split into three parts: a
training subset, a validation subset, and a testing subset, as detailed in Table 3. Every dataset’s testing
subset consists of hold-out records not displayed during training or validation. The training datasets
were used to train the WS predictors, while the validation datasets were used to produce point prediction
errors on validation records that had never been seen during the training phase. The prediction errors
were collected for analysis using the AKDE probabilistic framework to generate the PDFs, and
subsequently, the CDFs of the prediction errors.

The outliers in each dataset are eliminated using the QM method. Then, MinMax scaling, described
in Eq (11), is applied to reduce the difference in the scales of the parameters’ values between the training
and testing data. An overview of the resulting subsets is provided in Table 3.

Table 3. The acquired datasets for each examined resolution.

Dataset Subsets Size
AUMET-10 mins AUMET 10 mins_Train 33,999
AUMET 10 mins_Valid 9699
AUMET 10 mins_Test 4909
AUMET-30 mins AUMET_30 mins_Train 11,341
AUMET_30 mins_Valid 3639
AUMET 30 mins_Test 1222
AUMET-60 mins AUMET_60 mins_Train 5668
AUMET 60 mins_Valid 1620
AUMET_60 mins_Test 810
AUMET-120 mins AUMET 120 mins_Train 2834
AUMET 120 mins_Valid 810
AUMET _120 mins_Test 405
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4.3. Point prediction results

We validated the effectiveness of the point prediction phase in the first stage of our framework.
Additionally, we evaluated the point prediction performance of the selected SVR model against other
regression machine learning models, including the MLP and RF. Table 4 summarizes the point
prediction models variants and their configurations. Table 5 presents the simulation results for the
examined data resolutions, including the assessment metrics RMSE, MAE, MBE, and MAPE. In all
simulations, we used the Scikit-learn framework [55] to implement, train, and validate all the examined

point predictors.

Table 4. Point prediction model variants and their configuration parameters.

Model variant

Key configuration parameters

SVR-RBF
MLP-RLU
RF

Support Vector Regression
Multi-Layer Perceptron
Random Forest Regressor

Kernel =RBF, C=1.0,£=0.3
Hidden layers = 1, Neurons = 12, Activation = ReLU
Max depth = 7, Number of trees = 100

Table 5. Statistical scores of deterministic predictions of WS forecasting for resolutions:
10, 30, 60, and 120 minutes. The bolded scores indicate the best for each predictor, whereas
the underlined ones indicate the worst. The best scores among all predictors and for a

specific metric are highlighted.

Model

SVR-RBF-10 mins

SVR-RBF-30 mins

SVR-RBF-60 mins

SVR-RBF-120 mins

MLP-RLU-10 mins

MLP-RLU-30 mins

MLP-RLU-60 mins

MLP-RLU-120 mins

RF-10 mins

RF-30 mins

RF-60 mins

RF-120 mins

Scores

RMSE MAE MBE MAPE

0.371 0.2957 0.2856 42.0145
0.2916 02277 0.2151 36.5513
0.2334 0.1851 0.1665 33.3656
0.1511 0.1189 0.0482 28.6989
0.3710 0.2957 0.2856 42.0145
0.6771 0.6789 0.6783 61.9751
0.5105 0.5709 0.5704 59.7794
0.2174 0.1756 -0.0896 61.5513
0.4831 0.3967 0.2746 43.0246
0.5771 0.4677 0.4771 62.8651
0.3206 0.4608 0.4504 59.4794
0.2381 0.2564 0.1233 60.6713

The bolded scores in Table 4 indicate the best for each examined predictor, whereas the underlined
ones indicate the worst. The best scores among all predictors and for a specific metric are highlighted.
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The SVR models overperformed all the other ML predictors for most of the examined resolutions. The
SVR model with a resolution of 120 minutes showed the best performance scores for all evaluation
metrics. Furthermore, the SVR models demonstrated a consistent improvement in performance as the
resolution increased, whereas the other models did not exhibit such consistency.

4.4. Statistical hypothesis testing of the results

Statistical hypothesis testing, specifically paired sample t-tests, was performed to compare the
actual values with the predicted values obtained through several models: SVR, MLP, and RF at a 30-
minute resolution. The analysis results of the statistical hypothesis testing on the paired sample t-tests
are summarized in Table 6.

Table 6. Results of statistical hypothesis testing. The absolute large values are bolded,
whereas the smallest values are underlined.

Mean Std. Std. 95% Confidence z-value P-value
Dev. Error Interval of the
Mean Difference

Lower Upper
Pair 1 Target values —.00076  .3327 .00420 —-.01058 .00832 —-.141 873
vs. SRV outputs

Pair 2 Target values —-.02852 33881 .00418 —.03874 —-01838  -4.794 .000
vs. MLP

Pair 3 Target values vs. RF —.00597  .34645 .00487 —-.01652 .00339 -1.297 187

Pair 4 Pred. RF vs. pred. —-.02344  .07489 00131 —-.03928 -.02124  -16.801 .000
MLP

Pair 5 Pred. RF vs. pred. .00589 .10494 .00149 .00293 .00889 3.879 .000
SVR

Pair 6 Pred. MLP vs. pred.  .02789 .11496 .00171 .02468 03189 16.049 .000
SVR

The hypothesis tests above evaluate the similarity between the mean target value (actual real value)
and the averages predicted by three distinct predictive models: SVR, MLP, and RF, at the 5%
significance level. The null hypothesis states that there is no disparity between the means of the models'
outputs, while the alternative hypothesis asserts that there are significant differences.

The collected results demonstrate that predictions using the SVR models are not significantly
different from the actual real values. Furthermore, the difference between the real mean value and the
predicted mean value generated by the SVR models is minimal, highlighting that the SVR models
accurately predict the actual value. Similarly, the MLP and RF models demonstrate no significant
discrepancy from the actual value, though they display a greater deviation against the SVR models.
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4.5. Interval prediction results

In this section, we evaluate the effectiveness of the suggested probabilistic framework in
predicting adaptive PIs of WS using the AKDE approach. In the simulations, we estimated the
probability density distribution and the corresponding CDFs of prediction errors provided by the
AKDE technique and standard KDE for each predictor described in Section 3.2 with varying
confidence levels.

For clarity, we evaluated the performance of the AKDE technique in comparison to the KDE by
analyzing the prediction errors generated by the SVR models throughout the four examined resolutions
and within the established confidence levels. Table 7 illustrates the evaluation metrics of the PI
forecasting provided by the analyzed models within confidence levels of 85%, 90%, and 95%, respectively.

Table 7. The scores of the evaluation metrics of the PI forecasting obtained using various
PINC. The bolded scores designate the best ones for each resolution. The highlighted CWC
scores designate the cases related to the best improvement in CWC scores for each

particular PINC.
Model PINC = 85% (& = 0.15) PINC = 90% (a = 0.10) PINC = 95% (& = 0.05)
PICP  PINAW CWC PICP PINAW CWC PICP  PINAW CWC

KDE  0.8083 0.7831  2.0261 0.8298 0.8720  2.6310 0.8818 1.0011  2.9796

SVR-RBF-10mins ~ AKDE  (.8728 0.7208  0.7608 0.8978 0.7879  1.5925 0.9269 1.0942 2.4725
KDE 09049  0.8685  0.8685 0.9199 0.9339  0.9639 0.9329 1.0048  2.1966

SVR-RBF-30 mins ~ AKDE  (.8268 0.4417  0.8287 0.8348 0.4513  1.1274 0.8768 0.6453  2.2156
KDE  0.8692 0.6499  0.6499 0.8904 0.7261  1.5253 0.9277 0.8338  1.8753

SVR-RBF-60 mins  AKDE 0.8468 0.3663  0.6244 0.8929 0.4522  0.9377 0.9277 0.5260  1.1829

SVR.RBF-120 KDE  0.8675 03462  0.3462 0.8850 03971  0.8586 0.9200 0.4766  1.1799
AKDE 0.8650 0.3369  0.3359 0.8945 0.3682  0.9483 0.9300 0.4374  1.0428

mins

Table 7 indicates that the proposed probabilistic models utilizing AKDE surpass those employing
standard KDE across the majority of evaluation metrics and at most confidence levels. The scores in
bold denote the best ones (PICP close to the confidence level, lower PINAW, and lower CWC). The
AKDE-based model at 85% confidence level surpassed the KDE-based model across all resolutions
of 10, 30, 60, and 120 minutes. At a 90% confidence level, the AKDE-based models for 10-minute and
60-minute resolutions demonstrated significantly superior performance compared to the KDE models
at the same resolutions. In contrast, the KDE-based models achieved slightly better PICP scores at 30-
minute and 120-minute resolutions, respectively. Finally, at a 95% confidence level, the probabilistic
models utilizing the AKDE technique had superior CWC scores at resolutions of 10, 60, and 120
minutes, while the KDE-based model demonstrated a marginally better CWC score at a 30-minute
resolution. The obtained results may be justified by the fact that, at lower resolutions, the AKDE was
able to manage the local variations in the probability distribution of prediction errors more effectively,
and therefore shows enhanced estimation of prediction intervals with highly fluctuating WS data. The
AKDE technique demonstrated improvements of 62.45%, 39.47%, and 17.02% in CWC scores
compared to the KDE method at resolutions of 85%, 90%, and 95%, respectively, within the 10-minute
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resolution, as indicated in Eq (25) for a confidence level of 85%.

2.0261-0.7608 "
2.0261

Considering that the CWC accounts for both PICP and PINAW, this study demonstrates that the
AKDE-based model proposed herein yields tight, narrow PIs of WS while effectively covering point
predictions, thereby exhibiting exceptional forecasting performance. Figures 5—7 present the PI

estimation outcomes of the best models for a randomly chosen period across varying confidence levels,
specifically 85%, 90%, and 95%.

The PlIs developed by the AKDE method show a reasonable coverage rate utilizing adaptive
interval bandwidths. The total result demonstrates that the proposed prediction framework can generate
high-quality PIs for evaluating wind speed information at different confidence levels.

To evaluate the statistical significance of performance enhancements across various temporal
resolutions and PINC levels, we performed paired t-tests on the obtained CWC scores. A comparison
was conducted between the SVR-AKDE models at 10-minute and 120-minute resolutions across three
confidence levels (85%, 90%, and 95%). The simulations yielded a t-statistic of 5.2332 with a p-value
of 0.0034, indicating that the performance improvement at the 120-minute resolution is statistically
significant (p < 0.05). This supports the conclusion that the proposed AKDE adapts well across
temporal scales and provides more precise and dependable prediction intervals with increased
aggregation. The analysis results of the statistical hypothesis testing are summarized in Table 8.

Decrease in CWC % = 62.45% = 100 (25)

Table 8. Results of statistical hypothesis testing.

Mean of Std. Std. Error 95% Confidence t-value  p-value
Difference  Deviation of Mean Interval of Difference

CI Lower  CI Upper

SVR-RBF-10 mins
Pair 1.2913 0.6044 0.2467 0.6570 1.9256 5.2331  0.0034
SVR-RBF-10 mins

The t-value score in Table 8 (5.23) indicates strong evidence that the mean CWC for a 10-minute
resolution is significantly higher than for a 120-minute resolution. On the other hand, the p-value’s
score (0.0034) confirms that the results are statistically significant (p < 0.05).

Prediction Intervals: KDE (resolution: 10 minutes, confidence level: 85%)
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Prediction Intervals: AKDE (resolution: 10 minutes, confidence level: 85%)
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Prediction Intervals: KDE (resolution: 10 minutes, confidence level: 95%)
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Figure 5. Prediction intervals provided by SVR models for 10-minute resolution. The
charts related to AKDE approaches in (b), (d), and (f) show better coverage and adaptive
intervals against those related to KDE approaches in (a), (c), and (e), respectively.
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Prediction Intervals: AKDE (resolution: 60 minutes, confidence level: 85%)
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Prediction Intervals: KDE (resolution: 60 minutes, confidence level: 95%)
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Figure 6. Prediction intervals provided by SVR models for 60-minute resolution. The
charts related to AKDE approaches in (b), (d), and (f) show better coverage and adaptive
intervals against those related to KDE approaches in (a), (c), and (e), respectively.
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Prediction Intervals: AKDE (resolution: 120 minutes, confidence level: 85%)

Wind speed [m/s]

7 1 [ e,

13 5 7 9 1113 1517 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 40 51 53 55 57 50 61 63 65 67 69 71 73 75 77 79 B1 &3 B5 57 89 91 93 95 97 99101
Time (120 minutes/point)

(b) SVR-RBF-120mins with AKDE (confidence level 85%)

Prediction Intervals: KDE (resolution; 120 minutes, confidence level: 90%)

Wind speed [m/s)
o

.
[ LX)

U +
o O s Yo LI 0 o o C
. oy

P . M L] " L]
AT s te

T . .
*
. st Ve, st

(] ‘s &y
s dae
et . . L . ‘e.e
L s .

13 5 7 9 11131517 19 21 23 2527 29 31 33 35 37 39 41 43 45 47 49 51 53 5557 59 61 63 65 67 69 71 73 75 77 79 81 83 B5 87 89 91 95 95 97 93101
Time (120 minutes/point)

(c) SVR-RBF-120mins with KDE (confidence level 90%)

12

Prediction Intervals: AKDE (resolution: 120 minutes, confidence level: 90%)

10

Wind speed [m/s)

1 3 5 7 9 1113151719 2123 25127 29 31 33 3537 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 68 71 73 75 77 79 B1 83 85 87 89 91 93 95 97 99101

Time (120 minutes/point)

(d) SVR-RBF-120mins with AKDE (confidence level 90%)

continued on next page

Mathematical Biosciences and Engineering Volume 22, Issue 9, 2269-2299.




2294

Prediction Intervals: KDE (resolution: 120 minutes, confidence level: 95%)
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Figure 7. Prediction intervals provided by SVR models for 120-minute resolution. . The
charts related to AKDE approaches in (b), (d), and (f) show better coverage and adaptive
intervals against those related to KDE-based approaches in (a), (c), and (e), respectively.

From the observations in Table 7 and Figures 5-7, we can conclude that the probabilistic
framework for WS PI estimation coupled with the AKDE method outperforms the one associated with
standard KDE for most of the examined resolutions and within the majority of confidence levels. In
other words, the study demonstrates that the AKDE method, based on nearest neighbor estimation
(NNE), exhibits superior performance in estimating the PDF of WS forecasting errors.

5. Conclusions

Precise short-term WS prediction presents a challenging task in managing the
consumption/production of wind energy within a smart grid. Recent works in the literature underscore
the importance of conducting uncertainty modeling of WS, which assesses the probability of accurate
predictions. In practice, reliable PI estimators of WS are crucial for evaluating and analyzing the risk
associated with WP, enabling informed decision-making for stakeholders.

We introduce a robust prediction framework for short-term WS PI forecasting using ML models
and an adaptive KDE method. The framework consists of three modules for data processing, point
prediction, and estimation of WS prediction intervals. The data processing module utilizes the QM
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approach to detect and remove outliers. Then, distinct SVR-based WS predictors with RBF kernels
were trained on datasets corresponding to particular resolutions, namely 10, 30, 60, and 120 minutes.

The PI estimation module utilizes the nonparametric adaptive KDE method to analyze and
estimate the PDFs of point prediction errors associated with each resolution. The estimated PDFs and
their related CDFs were used to compute the local bandwidth of PIs around point predictions based on
the local data density. The NNE technique facilitates the computation of local bandwidth at each data
point by assessing the distance to the k-nearest neighbors of that point. This step enables the AKDE
method to accurately reflect local variations in the probability distribution of prediction errors. The
proposed approach helps in improving the estimate of prediction intervals given a particular confidence
level with highly fluctuating WS data. The proposed WS prediction framework is validated for short-
term WS forecasting using a weather dataset. Simulation results indicate that considering SVR models
for point prediction with the AKDE method provides better forecast accuracy than using the
conventional KDE method with this type of data. For PI estimation, the evaluation indices of the
proposed PIs forecasting models are consistently improved when we increase the resolution gradually
from 10 minutes to 120 minutes. This advantage can be justified by the fact that variations in local
data density decrease as the resolution increases. The main contribution of this work includes the
introduction and validation of a framework for wind speed variable PI forecasting using SVR models
and the AKDE method. The proposed approach is validated over different time resolutions and within
distinct confidence levels. Essentially, the AKDE model based on NNE is found to be suitable for
describing the distribution of WS prediction errors due to the fluctuating features of wind speed. Some
future perspectives of this work include validating the proposed approach across different regions or
seasons with different temporal dynamics, as well as enhancing prediction performance while
improving operational efficiency.
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