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Abstract: The accurate prediction of wind energy production is crucial for an affordable and reliable
power supply to consumers. Prediction models are used as decision-aid tools for electric grid
operators to dynamically balance the energy production provided by a pool of diverse sources in
the energy mix. However, different sources of uncertainty affect the predictions, providing the
decision-makers with non-accurate and possibly misleading information for grid operation. In this
regard, this work aims to quantify the possible sources of uncertainty that affect the predictions
of wind energy production provided by an ensemble of Artificial Neural Network (ANN) models.
The proposed Bootstrap (BS) technique for uncertainty quantification relies on estimating Prediction
Intervals (PIs) for a predefined confidence level. The capability of the proposed BS technique is
verified, considering a 34 MW wind plant located in Italy. The obtained results show that the BS
technique provides a more satisfactory quantification of the uncertainty of wind energy predictions
than that of a technique adopted by the wind plant owner and the Mean-Variance Estimation (MVE)
technique of literature. The PIs obtained by the BS technique are also analyzed in terms of different
weather conditions experienced by the wind plant and time horizons of prediction.

Keywords: wind energy; prediction; ensemble; artificial neural networks; uncertainty quantification;
prediction intervals; bootstrap

1. Introduction

The contribution of wind energy to the electricity production portfolio is increasing
compared to other productions with energy sources, such as nuclear, coal, hydroelectric,
oil and gas, and biomass plants [1,2]. Wind energy production capacity grew by more
than 18% (111 GW) in 2020, for an overall capacity of 733 GW [3]. In some EU coun-
tries, wind has become the mainstream source of electricity production, e.g., in Denmark,
where it constitutes 48% of the country’s total electricity consumption in 2020 followed by
Ireland (38%), Portugal (25%), Germany (27%), and the UK (27%) [4].

A difficulty for wind energy production comes from the wind speed fluctuations,
leading to large uncertainties in wind energy productions [5–11].

Different prediction models have been developed and used to estimate energy pro-
ductions in wind plants. Generally, we can distinguish model-based and data-driven
approaches [12–14]. Model-based approaches employ physics models that utilize wind-
forecasting data for wind energy predictions [8,15–17]. Data-driven approaches do not use
explicit physical models. Instead, they rely exclusively on wind data to build (black-box)
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models that capture the relationship of wind-forecasting data and the corresponding wind
energy productions [7,18–21].

Over the last few decades, various data-driven methods have been widely devel-
oped and applied with success to wind energy prediction. A few that are worth men-
tioning include, Artificial Neural Networks (ANNs) [22–25]; Support Vector Machines
(SVMs) [10,17,23,26,27]; k-nearest neighbors (k-nn) regression [24,28,29]; Support Vector

Regression (SVR) [8]; Gaussian Process Regression (GPR) [23,30]. In this work, we consider
the use of ANNs given their capability of solving highly non-linear problems in many
industrial fields. For example, Mellit and Kalogirou [31] applied ANNs and other AI
techniques to different tasks related to the design and operation of photovoltaic systems;
Luchetta et al. [32] developed an approach for fault detection and diagnostics based on
ANNs and applied it to Pulse Width Modulated (PWM) DC–DC power converters; De
Leon-Aldaco et al. [33] presented a comprehensive review of metaheuristic methodologies
in the area of power converters and considered the use of ANNs for modeling the system
behavior within the search, to reduce the computational time. ANNs have been already
successfully applied in [23,34] for energy production prediction. Ensemble approaches,
based on the aggregation of multiple model outcomes, have been shown to be superior
to any individual models in the ensemble to enhance the accuracy of the predictions
and quantifying their uncertainty [34–36]. For example, Zameer et al. [37] proposed a
genetic programming-based ensemble of ANNs approach for short-term wind power pre-
diction. The efficacy of the proposed approach was shown with respect to recent artificial
intelligence-based strategies on real datasets taken from five different wind farms located
in Europe. Al-Dahidi et al. [38] proposed an ensemble of ANNs for wind plant energy
production. Specifically, in [38], different strategies used to aggregate the outcomes of the
base (individual) models of the ensemble have been investigated and compared on a real
dataset taken from a wind plant located in Italy. Lee et al. [36] proposed three ensemble
learning-based models (Boosted Trees (BT), Random Forest (RF), and Generalized Random
Forest (GRF)) for a reliable short-term wind power prediction. The efficacy of the proposed
ensembles was compared to ensembles of different configurations of the GPR and SVR
models concerning wind farms located in France and Turkey.

Independently from the choice of the prediction model and of the scheme adopted to
provide the final predictions (that can be either individual or ensemble), different sources
of uncertainty affect the predictions, providing the decision-makers with non-accurate, and
possibly misleading, information for grid operation [37,39,40].

The work presented in this paper focuses on the quantification of the uncertainty
of wind energy predictions provided by an ensemble of data-driven models. This is a
fundamental task for the management of wind farms, since it allows for informing decision-
makers of the possible mismatch between the predicted and the real energy production,
and, therefore, to properly evaluate the risk associated with their decisions in critical tasks,
such as electric grid management and formulation of energy bidding strategies [41–44]. In
particular, we consider the following sources of uncertainty: (1) uncertainty of the ensemble
input (weather forecasts), (2) uncertainty due to the stochastic variability of the physical
process, and (3) uncertainty inherent to the prediction model structure and parameters.
The objective is the quantification of the overall uncertainty, which affects the predictions
provided by the ensemble. Various ANN-based methods have been developed and applied
for the estimation of Prediction Intervals (PIs) of energy production predictions, such as
Delta [45,46], Bootstrap (BS) [47–50], Lower Upper Bound Estimation (LUBE) [51–54], and
Mean-Variance Estimation (MVE) [55,56]. For example, Khosravi et al. [56] proposed an
optimized MVE method for quantifying the uncertainty associated with the wind power
predictions by constructing reliable PIs. The estimated PIs were more informative than
those obtained by the traditional MVE method for three wind farms located in Australia.
Wen et al. [52] proposed a novel method based on LUBE for predicting wind power
production and quantifying the associated uncertainty in both hourly and daily modes.
The quality of the estimated PIs obtained by the proposed method was superior to other PIs
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obtained by other benchmarks for different wind farms located in Taiwan. Quan et al. [54]
proposed a Particle Swarm Optimization (PSO)-based LUBE method for short-term load
and wind power prediction and uncertainty quantification. The quality of the constructed
PIs was superior to other PIs obtained by other benchmarks for the load and wind power
production prediction in a short time.

In this work, the BS technique is considered. It has already been applied and shown to
be effective for quantifying uncertainty in different industrial applications [41,47,49,57,58].
The PIs are obtained for a predefined confidence level α% [41], i.e., upper and lower
bounds of the prediction that bracket the true/actual energy production value with
probability α% [59].

Thus, in this work, an ensemble of ANN models is developed for energy production
prediction, and the BS is used to quantify the uncertainties that affect the predictions.

BS is applied to a real case study of a wind plant located in the south of Italy with a
capacity of 34 MW. For comparison, the technique (hereafter called the Quantile technique)
adopted by the wind plant owner for computing the 10th and 90th percentiles of the
predictions and the MVE technique of literature are considered. The application results
show that BS is superior and more informative for the electric grid decision-makers than
Quantile and MVE techniques.

The PIs obtained by the BS are also analyzed in terms of (i) the different operational
conditions experienced by the wind plant (i.e., the weather conditions) and (ii) the time
horizons (i.e., delays) of the predictions.

With respect to (i), the different weather conditions experienced by the wind plant
are identified by resorting to Principal Component Analysis (PCA) [60,61] and Fuzzy
C-Means (FCM) [62,63]. The former is used to reduce the dimensionality of the input
weather-forecasting data, keeping the relevant information content. In practice, the F
weather-forecasting quantities are projected into the space of F* < F principal components,
which allow for describing a large fraction of the data variability using few features.
The FCM algorithm receives, as an input, the identified F* principal components of the
historical dataset and provides output clusters made by data characterized by similar
weather conditions. The optimal number of clusters is identified by using the Davies–
Bouldin (DB) validity index [64].

Once the different weather conditions are identified, the quality of the PIs obtained by
the BS is quantified for each weather condition in terms of PI widths and PI coverage values.

With respect to (ii), the quality of the PIs obtained by the BS is evaluated for each
day-ahead production prediction (i.e., until four days ahead) in terms of the Root Mean
Square Error (RMSE) used for assessing the accuracy of the production predictions, and
the widths of the corresponding PIs at each prediction hour.

The analysis shows that the PIs significantly vary due to the effects of the weather
conditions and the time horizon of the predictions.

Thus, the significant contributions of this work are:

• The quantification of the uncertainty affecting the wind energy production predictions
provided by an ensemble of ANNs models employing BS technique;

• The comparisons with the Quantile (adopted by the plant owner) and MVE (from the
literature) techniques used for the uncertainty quantification;

• The analysis of the BS’s PIs in terms of various influencing factors, such as the dif-
ferent weather conditions experienced by the wind plant and the time horizons of
the predictions.

The remainder of this paper is organized as follows. In Section 2, the ensemble of
ANN models for predicting wind energy production is presented. In Section 3, the BS
technique for constructing PIs is described. In Section 4, the results of applying the BS
technique to a real case study of a wind plant are presented and compared with those
obtained by the Quantile approach of the wind plant owners and the MVE technique in the
literature. In Section 5, the PIs obtained by the BS technique are analyzed with respect to



Sustainability 2021, 13, 6417 4 of 19

the different operational conditions experienced by the wind plant and the time horizons
of the predictions. Finally, some conclusions are drawn in Section 6.

2. Ensemble Approach for the Prediction of Energy Production in Wind Plants

In this Section, the ensemble approach for predicting energy production is described.
Ensemble approaches have been applied in various application fields to enhance the

accuracy of the predictions and quantify their uncertainty [34,35]. The basic idea is that
the individual models of the ensemble can complement each other by leveraging their
strengths and overcoming their drawbacks: thus, the aggregation of their outcomes can
boost the performance of the models [35,65–67].

A typical ensemble of models for energy production prediction is shown in Figure 1.
A training dataset Xtrain, which comprises the weather-forecasting data (WF) and the

associated energy productions (
→
P), is utilized for building the individual models of the

ensemble (hereafter called the base models). Once constructed, the ensemble provides the
prediction of the energy production (P̂ensemble) for any new coming test pattern, whose

input weather-forecasting data
→

WF
test

j at time tj is provided by a weather-forecast model.
For this, the ensemble performs two steps [35,66]: (1) energy production predictions by the
individual prediction models, and (2) aggregation of the energy production predictions.
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Figure 1. Scheme of the ensemble of models used for energy production prediction.

Correspondingly, the two key components for constructing an effective ensemble
approach are [35,66,68]: (1) a strategy for obtaining diversity among the H base models
and (2) a strategy for aggregating the H outcomes of the base models.

With respect to (1), different strategies have been developed for injecting the diversity
among the base models of the ensemble, e.g., adopting different predictive modeling
techniques, adopting the same prediction model type but with different parameter settings,
and training each model with different training datasets, by resorting to techniques such as
Bootstrapping AGGregatING (BAGGING) [69,70], Boosting [71], and Adaboost [72]. The
reader interested in more details on the techniques used for generating diversity in the
base models can refer to [69].

In this work, we use BAGGING to create the H diverse base models of the ensemble.
The basic idea of BAGGING is to train the base models with different training datasets
generated by bootstrap [73]: the different versions of the training datasets are created by
randomly sampling from the original training dataset Xtrain with replacement.

Artificial Neural Network (ANN) is employed as a base model for the prediction
of energy production. The motivation for using an ensemble of ANNs is the fact that
this model is currently used by some energy production companies for wind energy
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production prediction, and it has been shown capable of providing more accurate and
robust predictions than individual models [38].

With respect to (2), different strategies have been proposed for an effective aggregation
of the base models’ outcomes into a final aggregated one, e.g., statistics-based (Simple
Average (SA) and Simple Median (SM)), and model performance-based (Globally Weighted
Average (GWA) and Locally Weighted Average (LWA) (Local Fusion (LF))) [35,74,75].

In practice, the aggregation of the base model outcomes entails (1) assuming a weight
wh for the energy production prediction P̂h obtained by each base model h, h = 1, . . . , H,
and (2) aggregating the H outcomes as a weighted average:

P̂ensemble =
∑H

h=1 wh.P̂h

∑H
h=1 wh

, h = 1, . . . , H (1)

SA weights all the outcomes of the base models with equal weights, i.e., wh = 1
H . SM

takes only the center value of the H base model outcomes distribution, i.e., it assumes
that the weights are all equal to 0 except for that corresponding to the median of the H
base model outcomes. GWA and LWA consider weights for the base models that are
inversely proportional to their prediction performance computed on a validation dataset
and neighboring validation patterns close to the test pattern under study, respectively.

3. PIs for Uncertainty Quantification of Wind Production Prediction

A PI with confidence level α% is defined as an interval
[

P̂lower
j , P̂upper

j

]
, such that the

probability that the true/actual energy production value, Pj, of the test pattern at the time
tj falls within the interval is equal to α% [41,59]:

PIα =
[

P̂lower
j , P̂upper

j

]
: Prob

(
P̂lower

j ≤ Pj ≤ P̂upper
j

)
= α (2)

For evaluating the estimated PIs, two indicators are considered: (i) the coverage, i.e.,
the fraction of the true/actual energy productions which actually fall within the constructed
PIs, and (ii) the PIs width. A PI with confidence α% should have coverage of at least α%,
with a width that is as small as possible [41,59,76].

3.1. Bootstrap (BS) Technique

In wind energy predictions, the prediction error variance, σ2
ε , can be decomposed into

three terms corresponding to the following three sources of uncertainty:

• σ2
WF is the variance caused by the model input uncertainty, i.e., the weather-forecast

errors (source of uncertainty 1);
• σ2

PR is the variance caused by the stochastic variability of the physical process (source
of uncertainty 2);

• σ2
MO is the variance caused by the ensemble model error, e.g., due to random initializa-

tion of the ANNs parameters or to the different datasets used for training the ANNs
(source of uncertainty 3).

The prediction error variance, σ2
ε , can be decomposed into the three contributions by:

var[ε] = σ2
ε = σ2

WF + σ2
PR + σ2

MO (3)

The flowchart of the BS technique for the estimation of the unknown σ2
ε , and the

associated PIs, is sketched in Figure 2. There are three steps:
Step 1: Building the BS training dataset. Let us assume that we have available a dataset

of weather-forecasting data and their associated energy productions, Xall =

[
WFall ,

→
P

all]
.

This dataset is portioned into two datasets: a training dataset Xtrain =

[
WFtrain,

→
P

train]
for
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building the ensemble of ANN models and a validation dataset Xvalid =

[
WFvalid,

→
P

valid]
for providing estimates of the energy productions,

→
P̂

valid

, whose true/actual productions
→
P

valid
are already known. The variance

→
σ

2
MO

valid caused by the ensemble model uncertainty,
can then be estimated using Xvalid:

→
σ

2
MO

valid = var

(
→
P̂

valid
)

(4)

Step 2: Constructing the BS PIs of the test pattern. The BS training dataset

Xtrain
BS =

WFvalid,

(
→
P

valid
−
→
P̂

valid
)2

−→σ
2
MO

valid

 formed by the weather-forecasting data

of the validation dataset, WFvalid, and the squared prediction errors of the ensemble on

the energy productions of the validation dataset,

(
→
P

valid
−
→
P̂

valid
)2

− →σ
2
MO

valid is built.

Notice that

(
→
P

valid
−
→
P̂

valid
)2

− →σ
2
MO

valid contains the contributions to the overall error

σ2
ε caused by sources of uncertainty 1 and 2.

With the BS training dataset, Xtrain
BS , a dedicated feedforward ANN is trained. Given a

generic test pattern, WFtest
j , it estimates its corresponding σ2

WF
test
j + σ2

PR
test
j = σ2

ε
test
j − σ2

MO
test
j .

Finally, the PI of the test pattern at a time tj with a confidence level equal to α% is [55,57]:[
P̂lower

j , P̂upper
j

]
= P̂test

j ± Cα
do f .
√

σ2
ε

test
j (5)

where P̂test
j is the energy production predicted by the ANN ensemble for the test pattern

at a time tj and Cα
do f is the (1− α)/2 quantile of Student t-distribution with a number of

degrees of freedom equal to the number of ensemble models H.

Sustainability 2021, 13, x FOR PEER REVIEW 6 of 19 
 

 

for building the ensemble of ANN models and a validation dataset 𝐗𝑣𝑎𝑙𝑖𝑑 =

[𝐖𝐅𝑣𝑎𝑙𝑖𝑑, �⃗� 𝑣𝑎𝑙𝑖𝑑] for providing estimates of the energy productions, �⃗̂� 𝑣𝑎𝑙𝑖𝑑, whose true/ac-

tual productions �⃗� 𝑣𝑎𝑙𝑖𝑑 are already known. The variance 𝜎 𝑀𝑂
2 𝑣𝑎𝑙𝑖𝑑

 caused by the ensem-

ble model uncertainty, can then be estimated using 𝐗𝑣𝑎𝑙𝑖𝑑: 

𝜎 𝑀𝑂
2 𝑣𝑎𝑙𝑖𝑑

= 𝑣𝑎𝑟(�⃗̂� 𝑣𝑎𝑙𝑖𝑑) (4) 

Step 2: Constructing the BS PIs of the test pattern. The BS training dataset 𝐗𝐵𝑆
𝑡𝑟𝑎𝑖𝑛 =

[𝐖𝐅𝑣𝑎𝑙𝑖𝑑, (�⃗� 𝑣𝑎𝑙𝑖𝑑 − �⃗̂� 𝑣𝑎𝑙𝑖𝑑)
2

− 𝜎 𝑀𝑂
2 𝑣𝑎𝑙𝑖𝑑

 ] formed by the weather-forecasting data of the val-

idation dataset, 𝐖𝐅𝑣𝑎𝑙𝑖𝑑, and the squared prediction errors of the ensemble on the energy 

productions of the validation dataset, (�⃗� 𝑣𝑎𝑙𝑖𝑑 − �⃗̂� 𝑣𝑎𝑙𝑖𝑑)
2

− 𝜎 𝑀𝑂
2 𝑣𝑎𝑙𝑖𝑑

 is built. Notice that 

(�⃗� 𝑣𝑎𝑙𝑖𝑑 − �⃗̂� 𝑣𝑎𝑙𝑖𝑑)
2

− 𝜎 𝑀𝑂
2 𝑣𝑎𝑙𝑖𝑑

 contains the contributions to the overall error 𝜎𝜀
2 caused by 

sources of uncertainty 1 and 2. 

With the BS training dataset, 𝐗𝐵𝑆
𝑡𝑟𝑎𝑖𝑛, a dedicated feedforward ANN is trained. Given 

a generic test pattern, 𝑊𝐹𝑗
𝑡𝑒𝑠𝑡, it estimates its corresponding 𝜎𝑊𝐹

2
𝑗

𝑡𝑒𝑠𝑡
+ 𝜎𝑃𝑅

2
𝑗

𝑡𝑒𝑠𝑡
= 𝜎𝜀

2
𝑗

𝑡𝑒𝑠𝑡
−

𝜎𝑀𝑂
2

𝑗

𝑡𝑒𝑠𝑡
. 

Finally, the PI of the test pattern at a time 𝑡𝑗 with a confidence level equal to 𝛼% is 

[55,57]: 

[�̂�𝑗
𝑙𝑜𝑤𝑒𝑟 , �̂�𝑗

𝑢𝑝𝑝𝑒𝑟
] = �̂�𝑗

𝑡𝑒𝑠𝑡 ± 𝐶𝑑𝑜𝑓
𝛼 . √𝜎𝜀

2
𝑗

𝑡𝑒𝑠𝑡
 (5) 

where �̂�𝑗
𝑡𝑒𝑠𝑡 is the energy production predicted by the ANN ensemble for the test pattern 

at a time 𝑡𝑗 and 𝐶𝑑𝑜𝑓
𝛼  is the (1 − 𝛼)/2 quantile of Student t-distribution with a number 

of degrees of freedom equal to the number of ensemble models 𝐻. 

 

Figure 2. Scheme of the application of the BS technique to the estimation of PIs of energy production 

predictions. 

4. Case Study 

In this section, the ensemble approach of Section 2 is applied to the estimation of the 

uncertainty affecting the prediction of wind energy productions based on available 

weather-forecasting data and corresponding known energy productions of a wind plant 

located in the south of Italy [38] (Section 4.1). The quantification of the three sources of 

uncertainty (namely, uncertainty due to the model input (weather forecasts), uncertainty 

due to the inherent variability (stochasticity) of the physical process, and uncertainty due 

Empirical Model

(Neural Network)

Training 

Dataset

Test pattern: 

Weather forecasts

Ensemble of H

ANNs Models
, 

Training data 

Step 1: Building the BS training dataset

Step 2: Constructing the BS PIs of the test pattern

Validation data 

Figure 2. Scheme of the application of the BS technique to the estimation of PIs of energy
production predictions.



Sustainability 2021, 13, 6417 7 of 19

4. Case Study

In this section, the ensemble approach of Section 2 is applied to the estimation of
the uncertainty affecting the prediction of wind energy productions based on available
weather-forecasting data and corresponding known energy productions of a wind plant
located in the south of Italy [38] (Section 4.1). The quantification of the three sources of
uncertainty (namely, uncertainty due to the model input (weather forecasts), uncertainty
due to the inherent variability (stochasticity) of the physical process, and uncertainty
due to the model error) is carried out by the BS technique, described in Section 3.1, and
the results are compared with those obtained by the technique adopted by the plant
owner for the estimation of PIs and the Mean-Variance Estimation (MVE) technique of
literature (Section 4.2).

4.1. Data Description and Ensemble Model Development

In this Section, the dataset of real weather-forecasting data, WF, and corresponding

energy productions,
→
P , of a wind plant with 34 MW capacity is described. The dataset

has been collected every three-hours over three years (from 2011 to 2013) with a forecast
horizon ∆t = 96 h (four-day ahead). In other words, at a given time t, the weather-
forecasting data of the following ∆t = 96 h are available, with a datum every 3 h, i.e., at
time t, t + 3 h, t + 6 h, . . . , t + 96 h [38].

Engineering and expert judgment have been used to select a set of F = 19 features
(whose detailed characteristics cannot be revealed, due to confidentiality reasons), e.g.,
wind speeds (in meters/second), horizontal (u) and vertical (v) wind components, hour
which the weather forecasting is referred to, temperature, etc., for building the ensemble
and predicting the energy productions. Note that for confidentiality reasons, throughout
the paper, the values of the wind speeds and energy productions reported in Figures and
Table are given on an arbitrary scale.

Figure 3 presents the one-day ahead wind speed forecasts (Figure 3a) and correspond-
ing energy productions (Figure 3b) of the year 2013. Figure 3 shows the large variability in
the plant’s wind speed and the related large variability of the energy productions. Note that
the wind speed sign (i.e., positive or negative) refers to the wind direction. For example,
the negative wind speed values of the horizontal component (u) indicate that the direction
of the wind is from west to east, whereas the negative wind speed values of the vertical
component (v) indicate that the direction of the wind is from north to south.

Figure 3. (a) Wind speed; (b) related wind energy productions of the year 2013.
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The data are appended in the matrix Xall , where rows and columns represent the fore-
casting patterns and the physical quantities of the weather forecasts with corresponding
energy productions, respectively. The 2011–2012 data are divided randomly into Xtrain

training dataset (a fraction of 70% with Ntrain patterns) and Xvalid validation dataset (re-
maining fraction of 30% with Nvalid patterns) to build the individual models and develop
the ensemble, respectively. The 2013 data are used as a test dataset Xtest.

In this work, an ensemble composed of H = 100 ANNs models has been built. Each
ANN is characterized by an architecture with four layers (one input, two hidden, and one
output) and 9 × 7 hidden neurons, following a trials-and-errors procedure.

Figure 4 shows two examples of energy production predictions (squares) and the
corresponding true values (circles) for two different days of the year 2013. It can be
seen that the estimated productions are reasonably close to the actual production values,
although in some cases, the prediction error is not negligible (e.g., t = 6 h).
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4.2. Application Results of the BS PIs Estimation Technique

In this Section, the PIs obtained by the BS technique on the test data of the year
2013, Xtest, are presented and compared with those obtained by two other PIs estimation
techniques: (1) the technique adopted by the wind plant owner (hereafter called the
Quantile technique) and (2) the Mean-Variance Estimation (MVE) technique from the
literature.

Briefly, the basic idea of the Quantile technique is to consider the quantiles of the
predicted energy productions obtained by the H ANN models of the ensemble of Section 2
at each time tj. The PIs obtained by the Quantile technique are made of the 10th and 90th
percentiles (lower and upper bounds, respectively) of the energy production predictions
obtained by the H = 100 models of the ensemble, for a target confidence level α = 80%.

With respect to the MVE technique, its basic idea is to assume that the prediction error
obtained by the ensemble, i.e., ε = P− P̂, is an uncertain variable distributed according
to a Gaussian distribution function whose variance σ2

ε has to be estimated by using a
dedicated ANN, adequately developed with a procedure similar to that carried out for the
BS technique [55]. The dependence of this variance on the weather-forecasting data’s input
patterns is the fundamental assumption of the MVE (refer to Appendix A for more details
on the MVE technique for PIs estimation [55]).
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For each of the BS and the MVE techniques, a dedicated feedforward ANN, with
an architecture of three layers (input, hidden, and output) and seven hidden neurons, is
developed to estimate the prediction error variance with the BS and MVE techniques.

Table 1 reports the application results of the three PIs estimation techniques. Looking
at Table 1, one can notice the following:

• The PIs obtained by the Quantile technique are narrow (i.e., 4.625) but have very low
coverage values (i.e., 0.3352);

• The MVE technique provides wider PIs (i.e., 11.67) than the Quantile technique (i.e.,
4.625), with consequent larger coverage probability (i.e., 0.6534 vs. 0.3352, respectively).
Still, it does not achieve the coverage level of 0.8;

• The BS technique is superior to the Quantile and MVE techniques: although it provides
wider PIs than the Quantile technique and slightly wider PIs than the MVE technique,
it allows for obtaining a coverage larger than 0.8 (i.e., 0.81).

Table 1. Comparison of the PIs estimated by BS, the Quantile technique adopted by the plant owner,
and the MVE technique.

Mean PI Width PI Coverage Probability

Quantile 4.625 0.3352
MVE 11.67 0.6534

BS 12.2 0.81

For illustration purposes, the energy production predictions (squares) and the true
production values (circles) together with the PIs obtained by the BS (shaded area), Quantile
(triangles), and MVE (diamonds) techniques for two different days of the year 2013 test
data are shown in Figure 5. It can be seen that:

• The PIs obtained by the Quantile technique (triangles) are narrow but with very low
coverage values, i.e., the actuals productions fall outside the estimated PIs;

• The PIs obtained by the MVE technique (diamonds) are wider than the PIs of the
Quantile technique, and, consequently, have larger PI coverage probabilities;

• The PIs obtained by the BS technique (shaded area) are wider than the Quantile
technique (triangles) and slightly wider than the MVE technique (diamonds), and,
consequently, the BS PIs have larger PI coverage probabilities, i.e., the true productions
fall inside the estimated BS PIs.
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5. Factors Influencing the Estimated BS PIs

In this section, the PIs obtained by the BS technique are analyzed in terms of (i) the
different weather conditions that influence the wind energy productions (Section 5.1) and
(ii) the time horizons (i.e., delays) of the predictions (Section 5.2).

5.1. Influence of the Weather Conditions

The wind plant under study is, indeed, affected by a very large variability in the
weather conditions (Figure 3). In practice, one might be interested in (1) identifying the
different weather conditions that can be experienced by the plant, e.g., low, medium, and
high wind speed values, based on the available weather-forecasting data, and consequently,
(2) investigating their influence on the estimated BS PIs.

With respect to (1), the overall dataset, Xall , has been further analyzed as follows:

• The dataset is high dimensional, i.e., it comprises F = 19 physical quantities of the
weather forecasts and, therefore, it has been transformed into F∗ fewer dimensions by
resorting to Principal Component Analysis (PCA) [60,61].

Two principal components, F∗ = 2, have been selected as representative of the weather
forecast data of the wind plant under study. Figure 6a shows that the selected PCs explain
97% of the original weather forecast data, whereas Figure 6b shows the overall dataset in
the space of the identified principal components.

Figure 6. (a) Variance accounted by each principal component; (b) overall dataset in the space of the
two identified principal components.

The two selected principal components can describe the dataset with reasonable
accuracy: indeed, Figure 7a shows that the two components are capable of reconstructing
the original weather forecast data (for the sake of clarity, the first 500 h are plotted) with
low reconstruction errors, i.e., with residuals close to 0 (Figure 7b).

• In the space of the identified principal components, the dataset has been partitioned
into S dissimilar groups (whose number is “a priori” unknown), such that data
belonging to the same group are very similar to each other and dissimilar to those of
the other groups. The S groups can be interpreted as different operating conditions of
the wind plant that can influence the wind energy production.

To this aim, the data shown in Figure 6b are clustered by the unsupervised Fuzzy
C-Means (FCM) algorithm [62,63]. For identifying the optimum number of the groups
Copt, single clustering validity index (e.g., Silhouette, Davies–Bouldin (DB), etc.) or a
combination of different validity indices can be used [77]. In this work, Davies–Bouldin
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(DB) validity criterion has been considered for clustering the groups of the dataset of
Figure 6b. The Davies–Bouldin (DB) criterion is based on the ratio of within-group and
between-group distances: the optimal partition, which gives optimal separation and
compactness of the obtained groups, has the smallest DB index value [64].

Figure 7. (a) Reconstruction of a wind speed signal using the identified principal components; (b)
corresponding residuals of the reconstructions.

Figure 8a shows the DB values for different numbers of groups in the range of [2,10]:
the star indicates the optimum number of groups Copt. The obtained groups (Figure 8b)
correspond to situations of neutral u and negative v components of the wind (operating
condition 1), neutral u and v components of the wind (operating condition 2), and positive
u and v components of the wind (operating condition 3).

Figure 8. (a) DB values vs. number of groups; (b) the obtained groups in the space of the identified
principal components.

With respect to (2), once the energy production predictions of the 2013 test data are
obtained by the ensemble approach of Section 2, the corresponding PIs are estimated by
the BS technique of Section 3.1 for the quantification of the uncertainties that affect the
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predictions. The estimated PIs are evaluated in terms of the three operating conditions of
Figure 8b. Figure 9 shows the average PI widths (Figure 9a) and the average PI coverage
values (Figure 9b) of the data of the three weather forecast groups. One can easily recognize
that the larger the variability of the wind speeds (group 1 and group 3), the larger the
prediction error, and, coherently, the larger the width of the PI (the values are indicated on
Figure), but the smaller the PI coverage probability, and vice versa.
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Figure 9. (a) Average PI widths; (b) average PI coverage values with respect to the three weather
forecast groups; (c) examples of the estimated PIs of few data in the three weather conditions.

This can be explained by the fact that the larger the variability of the weather condi-
tions (group 1 and group 3), the larger the wind energy production and, hence, the larger
the uncertainty in the energy production prediction, as shown in Figure 9. For clarification
purposes, Figure 9c shows examples of the estimated PIs of few data points of the three
weather conditions.

5.2. Influence of the Time Horizon

The ensemble approach of Section 2 trained on the 2011–2012 data is used for the
predictions of the energy productions of the 2013 test data for a time horizon (hereafter
called delays) of four days, ∆t = 93 h; namely, delays 1–4 correspond to the predictions
in the time intervals [0− 21], [24− 45], [48− 69] and [72− 93], respectively. Figure 10a
shows the average Root Mean Square Error (RMSE) used for evaluating the accuracy of
the production predictions on the overall test data, whereas Figure 10b shows the average
widths of the corresponding PIs at each prediction hour. One can easily recognize that the
larger the time horizon of the prediction, the larger the ensemble prediction error, and,
coherently, the larger the PI’s width.

For clarification purposes, Figure 11 shows an example of the energy production
predictions of 4 days ahead (i.e., ∆t = 93 h) with the corresponding BS PIs estimates. One
can easily recognize that, for large production values, the PIs are enlarged to accommodate
the large uncertainty that affects the predictions. In contrast, for small production values,
the PIs are shortened due to the small uncertainty that affects the predictions.

As the last remark, the decomposition of the sources of uncertainty that affect the
energy production predictions has shown that (Figure 12):

• As expected, process and measure errors (circle) are increasing with the time horizon
of the prediction due to the weather forecast errors;

• Process and measure errors are following the variability of the electricity production.
This explains the variability in the widths of the obtained PIs;

• Model error (diamond) is stable with respect to the time horizon of the prediction;
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• The overall error (triangle) is consequently increasing with the time horizon of the
prediction and following the variability of the electricity productions.
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6. Conclusions

In this work, we have considered the problem of quantifying the uncertainty that
affects the predictions of the energy productions of a wind plant. The uncertainty quantifi-
cation is carried out by constructing Prediction Intervals (PIs) with a predefined confidence
level (e.g., 0.8). To this aim, the Bootstrap (BS) technique has been applied, and its capabili-
ties have been verified on a real case study of a wind plant located in Italy. The obtained
PIs have been evaluated by considering two indicators: (1) the coverage, i.e., the fraction
of the true/actual energy productions which actually fall within the PIs, and (2) the PI
width. Results show that the BS technique is superior and more informative for the electric
grid operators than a technique based on the use of the quantiles of the ensemble model
predictions, which is currently used by the plant owner, and the Mean-Variance Estima-
tion (MVE). In practice, only the proposed method is able to cover within the prediction
intervals a fraction of the true production values larger than the predefined confidence
interval, which confirms its capability of properly describing all uncertainty sources. The
PIs obtained by the BS technique have been further analyzed in terms of the different
weather conditions experienced by the wind plant and the time horizon of the predictions.
Future work will be devoted to (1) optimizing the PIs in order to obtain a trade-off between
PI coverage and PI width, which is satisfactory for the decision-maker; (2) developing a
framework for the effective use of the PIs in the formulation of energy bidding strategies.
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Abbreviations
The following acronyms/notations are used in this manuscript:

Acronyms
ANNs Artificial Neural Networks
SVMs Support Vector Machines
k-nn k-nearest neighbors
SVR Support Vector Regression
GPR Gaussian Process Regression
BT Boosted Trees
RF Random Forest
GRF Generalized Random Forest
BS Bootstrap
LUBE Lower Upper Bound Estimation
MVE Mean-Variance Estimation
PSO Particle Swarm Optimization
PCA Principal Component Analysis
FCM Fuzzy C-Means
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DB Davies-Bouldin
RMSE Root Mean Square Error
BAGGING Bootstrapping AGGregatING
SA Simple Average
SM Simple Median
GWA Globally Weighted Average
LWA Locally Weighted Average
LF Local Fusion
Notation
Xall Overall available dataset
WF Weather-forecasting data
→
P Energy productions
WFall Overall available weather-forecasting data
→
P

all
Overall available energy productions

Xtrain Training dataset
Ntrain Number of available training patterns
WFtrain Weather-forecasting data used for training
→
P

train
Energy productions used for training

Xtrain
BS Training dataset used in BS

Xtrain
MVE Training dataset used in MVE

Xvalid Validation dataset
Nvalid Number of available validation patterns
Xtest Test dataset
Ntest Number of available test patterns
WFvalid Weather-forecasting data used for validation
→
P

valid
Actual energy productions of the validation dataset

→
P̂

valid
Energy production predictions of the validation dataset

tj A generic j-th test pattern
→

WF
test

j Weather-forecasting data used for testing at time tj
h Index of base model, h = 1, . . . , H
H Number of base models in the ensemble
Pj Actual energy production at time tj
P̂h

j Predicted energy production obtained by the h-th base model at time tj

P̂ensemble
j Predicted energy production obtained by the ensemble at time tj

P̂h Predicted energy production obtained by the h-th base model
P̂ensemble Predicted energy production obtained by the ensemble
wh Weight of the h-th base model
α Predefined confidence level
PI Prediction Interval
PIα PI of confidence level α

P̂lower
j Lower production prediction obtained at time tj

P̂upper
j Upper production prediction obtained at time tj

ε Prediction error
σ2

ε Overall prediction error variance
σ2

WF Variance caused by weather-forecast errors
σ2

PR Variance caused by the stochastic variability of the physical process
σ2

MO Variance caused by the ensemble model error
→
σ

2
MO

valid Variance caused by the ensemble model error on the validation dataset
σ2

ε
test
j Overall prediction error variance obtained for the j-th test pattern

σ2
WF

test
j Variance caused by weather-forecast errors obtained for the j-th test pattern

σ2
PR

test
j Variance caused by the stochastic variability of the physical process obtained for the

j-th test pattern
σ2

MO
test
j Variance caused by the ensemble model error obtained for the j-th test pattern
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P̂test
j Predicted energy production obtained by the ensemble for the j-th test pattern

Cα
do f (1− α)/2 quantile of a Student t-distribution with a number of degrees of freedom

∆t Prediction horizon
F Number of weather features available
F∗ Optimum number of weather features obtained by the PCA
u, v Horizontal and vertical wind speed components
S Possible number of the weather conditions (groups) experienced by the wind plant
Copt Optimum number of weather conditions groups

Appendix A The MVE Estimation Technique for PIs Estimation

The flowchart of the Mean-Variance Estimation (MVE) technique for the estimation of
the unknown σ2

ε , and the associated PIs, is sketched in Figure 1. There are two steps [55]:
Step 1: Building the MVE training dataset. Let us assume that we have available a dataset

of weather-forecasting data and their associated energy productions, Xall =

[
WFall ,

→
P

all]
.

This dataset is portioned into two datasets: a training dataset Xtrain =

[
WFtrain,

→
P

train]
for

building the ensemble of ANN models and a validation dataset Xvalid =

[
WFvalid,

→
P

valid]
for providing estimates of the energy productions,

→
P̂

valid

, whose true productions
→
P

valid

are already known. The MVE training dataset Xtrain
MVE =

WFvalid,

(
→
P

valid
−
→
P̂

valid
)2
 can

then be prepared with the weather-forecasting data of the validation dataset, WFvalid, and

the squared prediction errors,

(
→
P

valid
−
→
P̂

valid
)2

, on the validation dataset.

Step 2: Constructing the MVE PIs of the test pattern. With the MVE training dataset,
a dedicated feedforward ANN is developed for providing, at time tj, an estimate of the

variance, σ2
ε

test
j , associated with a general test pattern of weather-forecasting data,

→
WF

test

j .
To ensure a strictly positive variance estimate, an exponential activation function is used.

Thus, a dedicated feedforward ANN characterized by an architecture of three layers
(input, hidden, and output) and seven hidden neurons are developed to estimate the
prediction error variance with the MVE technique.

Finally, the PI with a confidence level equal to α% of the test pattern at the time tj is
obtained as per Equation (A1) [55,57]:[

P̂lower
j , P̂upper

j

]
= P̂test

j ± Cα
do f .
√

σ2
ε

test
j (A1)

where P̂test
j is the energy production predicted by the ANN ensemble for the test pattern

at a time tj and Cα
do f is the (1− α)/2 quantile of Student t-distribution with a number of

degrees of freedom equal to the number of ensemble models H.
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