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A B S T R A C T

This study evaluates and compares various data-driven approaches to improve renewable energy production forecasts. In particular, focus is given here to photo
voltaic (PV) fields and wind turbines (WTs), which commonly represent the backbone of modern Hybrid Power Stations (HPSs). With the aim of increasing the 
accuracy of commercial forecasting, the study investigates the potential improvement that machine learning (ML) techniques in correcting case-specific prediction 
errors. This improvement is particularly valuable for optimizing HPS scheduling and battery management, ultimately boosting system efficiency and reliability. With 
reference to a small Mediterranean island as the case study, for the PV Linear Regression (LR) achieved notable results, reducing the Normalized Mean Absolute Error 
(NMAE) from 8.6 % down to 3.59 %. Support Vector Regression (SVR) and Neural Networks (NNs) further enhanced accuracy, with NNs providing the best results 
(NMAE reduced to 3.34 %). In contrast, the improvement in wind power forecasts was more modest, with SVR performing best (NMAE only reduced from 10.25 % to 
9.84 %). While ML successfully eliminated bias errors in the commercial forecast, they were less effective in addressing the variability and oscillations in wind 
production, highlighting inherent data limitations. Sensitivity analyses also revealed that shorter training windows improved algorithm performance, capturing 
recent patterns while minimizing noise from older, less relevant data. Results suggest that the introduction of ML correction methods into RES planning can support 
policy strategies aimed at enhancing renewable integration and improving the resilience of isolated power systems.

1. Introduction

Wind and solar energy, abundant and widely distributed across the 
globe, are essential for achieving the decarbonization goals critical to 
mitigating climate change [1–3], but their inherently intermittent na
ture results in power generation from renewable energy sources (RES) 
being variable and non-continuous.

Renewable generators, especially photovoltaic (PV) fields and wind 
turbines (WT), are being adopted in regions with outdated electrical 
grids that face challenges related to non-constant power injections [4,5]. 
To maintain the balance and stability of electricity distribution, grid 
operators impose constraints and operational limits on power producers 
to ensure compliance with technical and infrastructural boundaries 
[6–9]. In response to this request, renewable generators are paired with 
energy storage systems to enhance the flexibility and reliability of 
renewable energy output [10,11], forming Hybrid Power Stations 
(HPSs). By introducing advanced storage technologies and implement
ing optimized control and scheduling strategies, HPSs can mimic the 
operational characteristics of traditional dispatchable power generation 
units. However, achieving this level of functionality requires precise 

knowledge of the time evolution and magnitude of power generation 
from RES.

To implement robust and efficient strategies to manage the fluctu
ating output from intermittent resources [12,13], the ability to accu
rately predict the RES production potential plays a key role. Advanced 
forecasting methods are indeed essential for anticipating power output 
and optimizing dispatch scheduling for all types of generators. These 
forecasts enable grid operators and producers to mitigate the variability 
of renewable generators, improve reliability, and maximize the pene
tration of RES in the energy mix [14].

Current forecasting techniques for RES production primarily rely on 
meteorological data provided by the nearest weather stations or external 
companies specialized in meteorological data. Given that both solar and 
wind power generation are highly dependent on weather conditions, 
such forecasts are inherently subject to uncertainties. Additionally, the 
physical distance between weather stations and power generation sites 
can introduce further inaccuracies. Discrepancies in local environmental 
conditions that are not captured by distant weather stations may lead to 
bias errors in the forecasts, reducing the reliability of power output 
predictions. To address these challenges, more localized and precise 
forecasting methods are essential for improving the performance and 
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scheduling accuracy of renewable power plants.

1.1. Literature review of renewable power production forecasting

Data-driven approaches proved to be an interesting tool to forecast 
energy commodities such as renewable production [15] and hourly load 
profiles [16,17], and more.

Ruhanau et al. [18] demonstrated that the correlation between the 
forecast errors and the market price spread determines the economic 
implications, a phenomenon known as the ‘correlation effect’. Chen 
et al. [19] examined how stochastic forecast errors (SFE) in renewable 
energy and load demands impact the stability of energy storage systems 
(ESS) by analyzing state of charge (SOC) deviations.

More specifically, several methods have been developed and tested, 
directly targeting the generation of reliable solar production forecasts. 
Accurate PV power forecasting is indeed essential for transmission and 
distribution system operators to optimize energy flow management 
[20].

Ma et al. [22] analyzed the sources of PV power forecasting errors, 
attributing them primarily to numerical weather predictions and fore
casting processes. They proposed a short-term PV power forecasting 
method based on irradiance correction and error forecasting. Bright 
et al. [23] introduced a methodology to enhance satellite-derived PV 
power predictions by combining two data sources.

Data-driven approaches, particularly those incorporating artificial 
intelligence (AI), show significant prospects in improving renewable 
power forecasting. Sobri et al. [24] noted in their review that AI tech
niques outperform traditional methods due to their ability to handle the 
nonlinear and complex nature of the data. Sharifzadeh et al. [25] 
compared three predictive methods to forecast the behavior of renew
able energy from wind and solar resources and electricity demand. Their 
findings demonstrated that all the models were capable of predicting 
wind and solar power.

Thaker and Höller [26] compared various methods for predicting 
photovoltaic (PV) power generation in fixed and single-axis tracking 
systems at two locations, focusing on intra-day forecasts (1–6 h ahead). 
Their results highlighted a highly skilled machine learning-based hybrid 
model as the most effective approach.

While simple Linear Regression (LR) can yield good results, more 
advanced models tend to consistently improve predictions. Markovics 
and Mayer [27] compared 24 machine learning models and found that 
the best model outperformed LR by 13.9 % in terms of Root Mean 
Squared Error (RMSE). They also emphasized that hyperparameter 
tuning is crucial to fully leverage the potential of these models. Das et al. 
[28] applied a Support Vector Regression (SVR) based model for PV 

power generation forecasting and found it to be more accurate than 
Neural Networks (NNs) in their application. Similarly, De Leone et al. 
[29] achieved accurate PV production forecasts using SVR. In contrast, 
AlShafeey and Csáki [30] compared regression techniques with NNs for 
24-h-ahead PV forecasts, with NNs outperforming regressions regardless 
of the input method used. Çakır [31] proposed a hybrid methodology 
combining intuitionistic fuzzy time series (FTS) with intuitionistic fuzzy 
c-means clustering for renewable energy generation (REG) forecasting 
in Turkey. The model showed high accuracy and is applicable to other 
time series forecasting problems.

Lindberg et al. [32] evaluated the value of probabilistic forecasts for 
hybrid power parks (HPPs) using two years of data from Sweden. The 
authors found that probabilistic models enhance energy storage effi
ciency and profit under certain conditions, while deterministic models 
may still be preferable for specific battery-to-power ratios. Lee et al. [33] 
developed a hybrid deep-learning model combining a variational 
auto-encoder (VAE) and long short-term memory (LSTM) networks to 
forecast renewable electricity supply in South Korea. The model out
performed other machine learning approaches and led to significant 
error reductions.

Attempts have also been made to forecast the power production from 
wind turbines. In their review of wind, solar, and electrical load fore
casting methods, Wang et al. [34] show that the uncertain forecasting 
results of wind power are higher than those of solar power. In their 
critical review of wind power forecasting methods, Hanifi et al. [35] 
provided guidelines for the selection of methods. The authors suggest 
advancing wind power forecasting through hybrid and computationally 
efficient methods, improving data processing for larger datasets, 
addressing offshore wind prediction challenges, and developing a stan
dardized baseline model for benchmarking forecasting methods.

The literature focuses on short-term wind power production fore
casting, and not many studies have been conducted on the day-ahead 
prediction of the generation. Yand et al. [36] proposed a method 
based on the clustering of equivalent power curves to perform a 
day-ahead wind power forecast. The method uses weather predictions as 
input, and tests show a promising MAE of 5.49 %. Zhang et al. [37] 
proposed a combined forecasting model using BP, Wavelet, and RVM 
with an information fusion strategy to improve the accuracy and un
certainty of short-term wind power forecasting. The results show that 
the model helps optimize EV charging schedules, maximizing wind 
power utilization, improving grid reliability, and reducing pollution.

Bashir et al. [38] proposed two hybrid models, CNN-ABiLSTM and 
CNN-Transformer-MLP, for improving solar and wind power fore
casting. The authors demonstrated that CNN-Transformer-MLP excels in 
day and week-ahead predictions, while CNN-ABiLSTM is superior for 
month-ahead wind power forecasting, achieving lower MAE, RMSE, and 
MSE values.

More attempts have been made for the day-ahead forecasting of the 
wind speed. Nguyen et Phan [39] proposed a method to perform hourly 
day-ahead wind speed forecasting using a hybrid model of EEMD, 
CNN-Bi-LSTM embedded with GA optimization. Their approach 
confirmed that hybrid models usually perform better. Hong and Satriani 
[40] proposed a day-ahead spatiotemporal wind speed forecasting using 
convolutional neural networks. The authors determined the parameters 
of the network by robust design and proved that CNN outperforms 
existing methods. NNs were proven to be promising for wind power 
forecasting also by Lin et al. [41].

Pappa et al. [42] applied the Analog Ensemble (AnEn) technique to 
improve wind speed and solar radiation forecasts for renewable energy 
predictions across Europe. AnEn enhances forecasts, outperforming 
multi-model ensemble forecasting in most cases.

1.2. Research gaps and contributions

The literature review revealed that there are many studies proposing 
different ML methods for the direct forecasting of power production 

Nomenclature

AI Artificial Intelligence
HPS Hybrid Power Station
LR Linear Regression
MAE Mean Absolute Error
ML Machine Learning
NE Normalized Error
NMAE Normalized Mean Absolute Error
NRMSE Normalized Root Mean Squared Error
NNs Neural Networks
P Power
PV Photovoltaic
RMSE Root Mean Squared Error
RES Renewable Energy Sources
SVR Support Vector Regression
WT Wind Turbine
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from intermittent renewable sources or other time series related to the 
operation of energy systems. On the other hand, many managers of 
microgrids, HESs, or power plants are provided with commercial fore
casts of the generation capabilities of the devices that power their sys
tems. These forecasts can be characterized by poor accuracy and strong 
biases. However, the topic of enhancing forecasts of energy commodities 
has been scarcely explored in the literature.

Maciejowska et al. [43] proved that the utilization of day-ahead 
wind production enhanced forecasts is helpful in the day-ahead choice 
of a market. The authors analyze the German electricity market, 
focusing on forecasting fundamental variables (load, wind, and solar 
generation) and their impact on electricity prices and utility 
decision-making. They employ ARX models to improve load forecasts, 
while only slightly enhancing wind and solar predictions. They integrate 
these improved forecasts into utility decision-making, demonstrating a 
13.5 % increase in annual revenue, confirming the findings of [44].

One of the most common problems of commercial forecasts is that 
providers often offer generic predictions that may not account for site- 
specific conditions such as variable shading and conversion losses. 
Böök and Lindfors [45] proposed a method for adjusting a generic PV 
output forecast to specific sites, successfully reducing the MAE from 8 % 
to 6 %. Unlike the previously cited studies, the approach proposed in this 
work is most similar to Böök and Lindfors’ methodology but offers a 
more direct solution.

Yin et al. [21] examined the error distribution in short-term PV 
power predictions and proposed a correction method based on NNs that 
successfully reduced the Mean Absolute Error (MAE) by approximately 
2.6 %. The present study advances the status of research in the field by 
comparing the effectiveness of NNs with regression methods and by 
applying the same correction mechanisms also to wind forecasts.

This study aims to contribute to the field of ML correction of com
mercial forecasts by applying machine learning (ML) techniques spe
cifically to enhance solar and wind power production forecasts. ML 
techniques can use historical data of both prediction and actual pro
duction and then be applied to identify patterns and correct biases in the 
initial forecasts. By directly addressing the inherent uncertainties and 
errors associated with commercial predictions, this study aims to 
enhance the reliability of PV and wind power output estimations, 
contributing to a more effective and efficient management of renewable 
energy resources.

The primary objective is to develop and evaluate a robust, data- 
driven methodology for directly improving the accuracy of power gen
eration forecasts of a PV field and a WT. To achieve this, three ML 
modelling approaches were employed and compared: Linear Regression 
(LR), Support Vector Regression (SVR), and Neural Networks (NNs).

The renewable energy generators analyzed in this study are part of 
the HPS located on the Greek island of Tilos. This HPS integrates solar 
and wind power generation with an advanced energy storage system. 
Each day, the station is required to develop an output schedule based on 
renewable energy forecasts to optimize the operation of the storage 
device (a high-temperature battery). This battery plays a crucial role by 
converting the inherently intermittent renewable energy production 
into dispatchable power, which can be reliably supplied to the grid 
operator [46].

The methods proposed in this study could also be applied to the 
scheduling and operation of more complex hybrid energy systems, as 
suggested in prior research by the same authors [47]. In such systems, 
enhanced forecasts could inform the activation and coordination of 
various system components, such as energy storage units, auxiliary 
generators, or load management systems. Improved forecasting directly 
enhances the efficiency and reliability of these systems by enabling 
better storage utilization and energy dispatch planning. Accurate pre
dictions of renewable energy output are key for maximizing the per
formance of HPSs, as forecast accuracy has a direct impact on the 
effectiveness of energy storage scheduling. By improving forecast pre
cision, these methods enable hybrid power stations to increase the 

utilization of renewable resources, reduce waste, and optimize economic 
returns through more effective energy trading with grid operators.

A data-driven methodology is particularly well-suited to enhance the 
accuracy in predicting renewable power production because it enables 
the correlation of generic forecasts with the actual operational perfor
mance of a specific plant. Often, the real production of RES diverges 
from predictions due to a variety of factors, including the degradation of 
system components, the unique characteristics of the geographic loca
tion of the plant, site-specific environmental conditions, and numerous 
other variables affecting device performance. These discrepancies, 
which are challenging to account for using traditional forecast models, 
can be systematically addressed through ML algorithms. By learning 
from historical production data, data-driven models have the potential 
to identify and capture the nuanced effects of these factors. A well- 
trained model can post-process generic predictions to incorporate the 
influence of these phenomena, ultimately producing more accurate and 
reliable forecasts tailored to the specific characteristics of the HPS.

A preliminary version of the proposed methodology was first pre
sented in Ref. [48] and tested on the PV production forecast only. Unlike 
traditional approaches, the methods presented in this work focus on 
refining commercial forecasting outputs by leveraging the production 
history of an actual HPS. Having access to the historical behavior of a 
real HPS, the present study uses the historical time series from an actual 
PV field and WT. By testing the effectiveness of ML-based models in a 
real-world scenario, this research underscores the practical applicability 
of data-driven approaches for enhancing RES predictions.

The paper is structured as follows. Section 2 introduces the machine 
learning (ML) techniques used in this study, detailing the specific al
gorithms applied to enhance renewable energy production forecasts. 
This section also explains the rationale behind selecting these methods 
and outlines the workflow used to simulate their application, aiming at 
mimicking the actual operation for a day-by-day correction. The error 
metrics used to evaluate the effectiveness of the proposed methodologies 
in reducing forecasting inaccuracies are then presented. These metrics 
are critical for quantifying the improvement achieved by each approach 
and for enabling a fair comparison between the methods.

Section 3 presents the results of comprehensive sensitivity analyses, 
which examine how variations in input parameters and model config
urations affect forecasting accuracy. This section also identifies the most 
effective ML technique for minimizing errors in solar and wind power 
production forecasts. The findings highlight the relative strengths and 
weaknesses of each method and point to the one that shows the most 
interesting prospects for practical applications.

Finally, Section 4 provides a detailed summary of the main findings 
of the study, highlighting the key outcomes and insights gained from the 
analysis.

2. Methods

Prediction errors, and bias errors in particular, can be reduced 
following a procedure based on data-driven methods. An ML algorithm 
can be trained using the difference between the forecast and actual 
production over a certain time frame.

The proposed method utilizes a moving window approach to train 
the ML algorithm on several days of operation, which is then applied to 
enhance the forecast for the following day. This approach mimics the 
actual operation of the algorithm, allowing it to improve forecasts for 
the next day before executing the algorithm that optimizes the energy 
scheduling of the HPS.

Three machine learning methods were tested and compared to 
determine the best fit for this application. The first method, LR, was 
selected for its simplicity and low computational effort, as it can yield 
good results given the repetitive nature of PV production. The second 
method, SVR, is a more complex model with tunable parameters that 
may improve performance for this specific task. The third method, NNs, 
represents the most advanced algorithm tested in this study, capable of 
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capturing non-linear relationships within the training time series and 
potentially delivering better results.

All methods were implemented through functions from the scikit- 
learn library [49]. Those algorithms were optimized by varying the 
number of days that the algorithm can use for the training phase, and, 
for SVR and NNs, some hyper-parameters were tuned to tailor the al
gorithms to the specific application.

2.1. Training and application of ML algorithms

During the training phase (Fig. 1), the algorithm receives as input the 
historical production data from a generator (either PV or WT) along with 
the historical production forecasts provided by the commercial provider. 
The result of this phase is a tuned model that establishes a relationship 
between the initial forecast from the provider and the actual production.

In the case of PV forecast, the algorithm also exploits the autocor
relation of solar production as supplementary information to enhance 
the forecast correction. The time series is shifted by 24 h, and during the 
forecast adjustment phase (Fig. 2), the algorithm also takes into account 
the PV production from the previous day. In the case of the WT forecast, 
the time series is not lagged, since no correlation subsists between the 
production at a given moment and the production at the same time the 
day before.

During the application phase (Fig. 2), the algorithm takes as an input 
the RES production forecast from the commercial provider for the up
coming day of operation. Using this information, the algorithm pro
cesses and adjusts the forecast to predict the actual production for the 
following day. The ideal output is an accurate estimation of the RES 
production for the next day, reflecting a correction based on both his
torical data and the forecast provided. When correcting the PV forecast, 
the algorithm also uses the actual production data from the 24 h pre
ceding the forecast application.

2.2. Moving window approach and walk-forward validation

This analysis simulates an approach to enhance next-day renewable 
forecasting over a one-year period. The algorithm is initially trained 
using data from the first N days of operation and then applied to improve 
the forecast for the first "application day." Subsequently, the training 
window moves forward, incorporating data from the next N days to 
refine the forecast for the second "application day," and this process 
continues iteratively throughout the year. Fig. 3 presents a scheme of the 
proposed moving window approach. The results are presented as the 

average error that would characterize a forecast improved by a specific 
method when applied throughout the entire year of operation. In this 
way, the algorithms are validated following a “not anchored walk- 
forward validation” technique, showing how well algorithms can 
generalize beyond the data they are trained on for the first time. Unlike a 
conventional cross-validation, this strategy inherently prevents over
fitting in forecasting of time series by ensuring that future data are never 
used in the training phase [50].

To accurately capture the factors contributing to the mismatch be
tween the commercial forecast and the actual production from RES 
generators, it is key to train the algorithm using data from a time win
dow close to the application day. This approach ensures that all relevant 
phenomena influencing the real operation are taken into account. 
Conversely, training the algorithm with data from distant time periods 
may introduce bias errors into the predictions, as it may not reflect 
current operational conditions.

The results section (Section 3) presents several sensitivity analyses 
aimed at optimizing the method for this particular application. The 
training window size is adjusted to determine the optimal number of 
previous days required to train the algorithm effectively. Additionally, 
ML models have been fine-tuned to meet the specific needs of this 
problem.

2.3. RES historical production data and power production forecasts

The HPS of Tilos integrates both wind and solar energy production. 
The Energy Management System (EMS) of the system receives forecasts 
from a commercial provider, along with real-time performance data 
from each generator. Both the predicted and actual production data are 
stored in datasets, which are available for analysis.

The PV field installed in Tilos is characterized by a peak power of 160 
kWp and is composed of 592 solar panels of 270 Wp each, mounted with 
a tilt angle of 30◦ and oriented towards the south.

The wind turbine has a nominal power production of 800 kW and is 
installed in the northwest region of Tilos. The WT is a commercial 
Enercon E− 53 model and features an independent pitch system for its 
rotor blades, enabling active control of the pitch angle. The turbine 
begins generating power at a cut-in wind speed of 2 m/s, reaches its 
nominal output at a rated speed of 13 m/s, and has a safety cut-out speed 
of 28 m/s. Additionally, the E− 53 is equipped with a storm control 
mode, which allows the turbine to gradually slow down when wind 
speeds range between 28 and 34 m/s.

The time series of historical production of the PV field and WT have 

Fig. 1. Training Phase (e.g., considering PV forecast enhancement).
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been kindly provided by Eunice Energy Group (EEG), owner and man
ager of the HPS of Tilos. The production dataset has a 1-h time resolu
tion, recording the average power output from the generators for each 
time step. The historical forecasts, provided by a commercial provider, 
also have an hourly resolution and span the same period as the historical 
production dataset.

The training window runs through thirteen months of operation of an 
actual HPS, from September 1st, 2022, to October 1st, 2023. The 
application day is instead selected on a year of operation, from October 
1st, 2022, to October 1st, 2023.

First, the historical datasets containing the day-ahead forecasts and 
actual production data were time-aligned. The historical forecasts were 
directly employed for the training and application of ML algorithms to 
demonstrate the correction margin that these methods could have when 
applied to commercial forecasts as they are provided to users.

A data pre-processing and quality control phase was instead applied 
to the historical dataset of actual production from PV and wind gener
ators to ensure data reliability. The time series were first analyzed to 
replace missing values using techniques as linear interpolation to fill 
short gaps. Then, power production consistency was ensured by 
comparing historical measures with nominal capabilities of generators 

according to their specifics reported in datasheets. Historical records of 
wind speeds were used with the E− 53 power curve to ensure that wind 
power measures do not exceed the maximum output capabilities of the 
machine. Similarly, historical records of the solar radiation were used 
with the STC and NOCT efficiencies of solar panels to verify the plau
sibility of solar generation records.

Finally, the cleaned and time-aligned datasets were used to study the 
application of the ML correction algorithms. To ensure numerical sta
bility during the training phase and to avoid issues due to the different 
magnitudes of features, all input variables were normalized using the 
min–max scaling function.

2.4. Machine learning methods and hyperparameters optimization

The methods presented here can be fine-tuned by adjusting the pa
rameters of the algorithms and the time series data used during the 
training phase. The parameters governing the learning process of ML 
algorithms are known as "hyperparameters." These hyperparameters are 
specific to each algorithm and must be optimized for the particular 
application at hand. Additionally, to determine the optimal training 
window, the number of preceding days used for training was varied 

Fig. 2. Application Phase (e.g. considering PV forecast enhancement).

Fig. 3. Moving window approach to test the actual performance of the algorithm.
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ranging from three to thirty days prior to the "application day". The 
algorithms proposed in this work (LR, SVR, and NNs) are described in 
more detail in Ref. [51].

2.4.1. Linear regression (LR)
LR is a linear model that correlates a predictor (commercial forecast) 

and an outcome (enhanced forecast). The training phase tunes the co
efficients of the model to minimize the distance between the model’s 
outcome and the target (historical production). Fig. 4 represents a 
simple linear regression applied between an input x and an output y. The 
LR method was implemented through the LinearRegression function from 
the scikit-learn library [49], and it was optimized by varying the number 
of days that the algorithm can use for the training phase.

2.4.2. Support Vector Regression (SVR)
The SVR, in principle, works as the LR, with the possibility of 

defining a degree of acceptance for the error to tailor the algorithm to a 
specific task [43]. Errors that fall inside a tolerance band (within a 
distance ε from the regression) are not penalized during the training 
phase, unlike predicted points at a distance ζ from the tolerance bands 
(Fig. 5).

In addition to the optimization of the number of training days, two 
hyperparameters of the SVR were tuned. 

• ε: the maximum error that the model allows during the training 
phase. The initial trial value of ε was set to 0.0 and then varied up to 
1.0.

• C: the hyperparameter that controls the tolerance for errors 
exceeding ε. A higher value of C increases the tolerance for data 
points that fall outside the maximum error ε. When C is set to zero, no 
tolerance is allowed for values outside this range. The initial trial 
value of C was 1, and then varied within a range from 1 to 50.

SVR was implemented through the LinearSVR function from the sci
kit-learn library.

2.4.3. Neural networks (NNs)
The present study also considers the application of NNs to determine 

whether a more complex approach could yield improved results, 
potentially capturing non-linear relationships within the data time se
ries. Fig. 6 represents a fully-connected NNs topology and zooms in on 
the structure of a single neuron. During training, the weights and biases 
of neurons are adjusted at each iteration to minimize the error between 
the predicted output and the target [52].

NNs were implemented using the MLPRegressor function from the 

scikit-learn library, leveraging the "adam" solver, a stochastic gradient- 
based optimization algorithm. To control the step size during weight 
updates, a learning rate of 0.0001 was chosen, ensuring stable conver
gence during training.

A sensitivity analysis was carried out to assess the impact that the 
number of training days may have on the performance of the predictive 
performance of the model. Moreover, focus was given on fine-tuning the 
network topology, a crucial hyperparameter that defines the structure of 
the neural network. This involved testing different numbers of hidden 
layers between the input and the output of the network, and different 
numbers of neurons within each layer. Adjusting the network topology 
may help reach a better balance between model complexity and 
generalization, enhancing the ability of the network to capture intricate 
patterns within the time series data while avoiding overfitting.

2.5. Error metrics

2.5.1. Normalized Mean Absolute Error (NMAE)
The error that characterizes the forecast when trying to predict the 

power production of a generator in a specific moment can be normalized 
and expressed as a Normalized Error (NE). NE is indeed computed by 
dividing the difference between the forecasted power (Pforecast) and the 
actual power production (Pactual) by the rated power (Prated): 

NE =
Pforecast − Pactual

Prated
⋅100 (1) 

To evaluate the overall accuracy of the forecast, the present work 
employs the Normalized Mean Absolute Error (NMAE) metric. The 
NMAE is calculated as the arithmetic mean of the absolute values of the 
NE for each timestep (n) considered in the analysis. Since the study 
analyses the performance throughout one year of operation, n corre
sponds to the total number of hours in a year (i.e., 8760). 

NMAE =
1
n
∑n

i=1

⃒
⃒Pforecast − Pactual

⃒
⃒

Prated
⋅100 (2) 

The NMAE aims at providing a comprehensive measure of forecast 
performance over the entire evaluation period.

For the PV field, the forecasting error is normalized by the nominal 
production capacity of 160 kWp. The original solar power forecast 
provided by the commercial provider has a NMAE of 8.6 % for the 
considered year. This forecast exhibits a significant bias error, with 
predictions often exceeding the actual production.

For the WT, the error is normalized by the nominal production ca
pacity of 800 kW. The original wind power forecast from the commercial 
provider shows an NMAE of 10.25 % for the same year.Fig. 4. Linear Regression representation.

Fig. 5. Support Vector Regression representation.
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The proposed models are tested, and their performance is evaluated 
by recalculating this NMAE metric based on the adjusted predictions 
they generate, allowing a direct comparison of their effectiveness 
against the original forecasts.

2.5.2. Normalized Root Mean Squared Error (NRMSE)
The Root Mean Square Error (RMSE) represents the square root of 

the mean of the squared differences between predicted and actual 
values: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
Pforecast − Pactual

)2

√

(3) 

Unlike the NMAE, the RMSE places greater emphasis on larger errors 
due to the squaring process, making it particularly sensitive to outliers. 
This sensitivity highlights significant deviations in predictions, com
plementing the focus of the NMAE on overall error magnitude. Evalu
ating both metrics provides a more comprehensive understanding of 
forecasting accuracy, as they capture different aspects of prediction 
performance.

Fig. 6. Representation of Neural Network Topology and zoom on the structure of a neuron.

Fig. 7. Comparison on a sample dataset of PV forecast with actual production (a) and NE between actual production and predicted production (b).

F. Superchi et al.                                                                                                                                                                                                                                Energy 336 (2025) 138396 

7 



Similar to the NMAE, the RMSE can be normalized to the nominal 
power of the system and expressed as a percentage: 

NRMSE =
RMSE
Prated

⋅100 (4) 

The NRMSE of the original forecast from the commercial provider 
was 15.95 % for the PV field and 14.6 % for the WT.

Although the forecasting methods were primarily optimized to 
minimize the NMAE, the results section (Section 3) also analyzes the 
NRMSE of the final results. This secondary evaluation provides insight 
into whether the forecasts improved from the perspective of this metric 
and to what extent.

3. Results and discussion

3.1. PV forecast enhancement

The original forecast of solar power production from the commercial 
provider is characterized by an average NMAE for the selected year of 
8.6 %. Fig. 7 (a) considers a sample dataset to show a comparison of the 
PV forecasts with actual production. The forecast is characterized by a 
pronounced bias error and is, most of the time, higher than the actual 
production. Fig. 7 (b) shows the NE between actual production and 
forecast from the commercial provider. The plot shows how the com
mercial provider often foresees a power production higher than the 
actual capabilities. Indeed, the forecast is characterized by a mean NE of 
− 12.2 % and a median NE of − 9.7 %, highlighting the presence of an 
important bias error. In the scatter plot correlating the actual power 
production with the respective forecast in Fig. 8, most of the points are 
higher than the bisector line representing the ideal prediction. This 
behavior means that the predictions, especially of upper power levels, 
are most of the time higher than the actual realizations.

The histogram of the NE in Fig. 9 confirms this behavior: the dis
tribution of the error shows a peak at low errors, meaning that most of 
the time the error committed is lower than ±1 %, but another peak 
around − 23 %, confirming the existence of a bias error.

3.1.1. PV forecast enhancement - linear regression (LR) sensitivity analysis 
on the number of training days

The LR model was tested by training the algorithm on an expanding 
range of prior operational data, starting with 3 days and increasing 
incrementally up to 30 days.

As shown in Fig. 10, the NMAE of the predictions adjusted by the LR 
method decreases as the number of training days increases. This trend 
suggests that the algorithm benefits from analyzing a larger historical 
dataset, resulting in progressively more accurate adjusted forecasts. 
When trained on 30 days of prior operation, the LR model achieves a 
forecast with an NMAE of 3.59 % and an NRMSE of 7.68 %, demon
strating significant accuracy improvements with extended training 
periods.

3.1.2. PV forecast enhancement - Support Vector Regression (SVR) 
sensitivity analysis on C hyperparameter and number of training days

The SVR model was also tested by training the algorithm on an 
expanding range of prior operational data. Given the poor results when 
using narrow training windows, the sensitivity analysis of the SVR 
considers the range between 18 and 30 days.

The contour plot in Fig. 11 shows the results of the sensitivity 

Fig. 8. Scatter of the commercial forecast versus the actual power production 
from the PV field.

Fig. 9. Histogram of the Normalized Error distribution characterizing the 
commercial forecast of the PV production.

Fig. 10. Sensitivity analysis NMAE of PV forecast corrected by LR, varying the 
number of days used for the training phase of the algorithm.
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analysis made by varying the value of the hyperparameter C and the 
number of days used for the training phase. The value of C varies from 1 
to 50, with a resolution of 1, while the value of ε was fixed to zero. 
Results show that the best combination to minimize the forecasting error 
is given by 25 training days. In this case, the optimal number of training 
days for the algorithm differs from the maximum tested. Unlike LR, the 
correlations identified by SVR can be influenced or biased by data points 
that are too distant in time. This suggests that SVR performs best when 

trained on a carefully selected, more recent subset of historical data, 
allowing the method to capture relevant patterns without being skewed 
by older, potentially less relevant information.

The dependency on the C parameter was instead proved to be much 
weaker.

Fig. 12 shows how the NMAE varies with different combinations of C 
and ε, considering a number of days for the training phase equal to 25. 
This time, the hyperparameter ε varies from zero to one, with a 

Fig. 11. Sensitivity analysis on the NMAE of the forecast corrected by SVR, varying the C parameter and the number of training days used for the training phase of 
the algorithm, considering an ε equal to zero.

Fig. 12. Sensitivity analysis on the NMAE of the PV forecast corrected by SVR, varying the C parameter and ε for the training phase of the algorithm, considering a 
number of training days equal to 25.
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resolution of 0.1. Extensive testing has revealed that the most effective 
results in minimizing the NMAE of predictions are achieved when the 
parameter ε is set to zero. In this specific application, it appears ad
vantageous to always apply penalties to predicted points that deviate 
significantly from the target, ensuring greater precision by discouraging 
large prediction errors.

While the optimal null value of ε indicates that penalizing errors 
during the training phase is always beneficial, the best-performing 
method made use of a C value of 37. This relatively high C suggests 
that, in addition to strict error penalization within the tolerance band, 
the model benefits from allowing increased tolerance for errors outside 
the band. Indeed, the impact of outliers is higher in this case, and the 
optimal SVR performs slightly worse than LR in NRMSE terms, lowering 
the metric down to 7.8 %.

3.1.3. PV forecast enhancement - neural networks (NNs) sensitivity 
analysis on topology and number of training days

The NNs were tested by adjusting the network topology, the 
maximum number of iterations allowed during training, and the number 
of days used for training.

The first tests revealed that the default maximum of 200 iterations 
was consistently insufficient to achieve convergence for this type of 
application. A more reasonable limit, which typically ensures conver
gence without significantly increasing computational time, is 1•104 it
erations. All results presented in this section were obtained using this 
iteration limit.

The contour plots in Figs. 13 and 14 illustrate the results of the 
sensitivity analysis, exploring the combined effects of varying the 
number of training days and the neural network (NN) topology. The NN 
topology is represented by a sequence of numbers in round brackets, 
where each number indicates the number of neurons in each layer, 
progressing from the input layer to the output layer.

Various network topologies were tested to identify the most effective 
one. A first sensitivity analysis considered small networks (Fig. 13), 
involving structures made by three to four hidden layers, each con
taining a number of neurons between five to ten. A second sensitivity 
analysis considered larger networks (Fig. 14), made by up to eight layers 

and comprising a higher number of neurons, up to forty per layer.
Structures with fewer than 28 neurons performed the worst. Given 

the complexity of the forecasting problem, a larger number of neurons is 
necessary to detect patterns that simpler models might miss. However, 
results indicate that adding a fourth layer or increasing the number of 
neurons beyond a certain point did not improve performance. This 
suggests a potential issue of overfitting, where the network memorizes 
the training data rather than generalizing well. Since the training phase 
only involves two time series, an overly complex model may fail to 
capture any additional trends. The optimal balance appears to be a 
three-layer structure, each with ten neurons.

The results indicate that the optimal configuration for the neural 
network method involves training over 25 days. The choice of 25 
training days aligns with the optimal duration for the SVR model, sug
gesting that using too many training days could introduce bias into the 
algorithm.

After the application of the best-performing NNs, the NMAE of the 
improved prediction is reduced to 3.34 %. Additionally, the NNs model 
performs better also in terms of NRMSE, with the optimal topology 
trained over 25 days achieving a reduction of the metric to 7.62 %.

3.2. WT forecast enhancement

The original forecast of WT production from the commercial pro
vider is characterized by an average NMAE for the selected year of 
10.25 %. Fig. 15 (a) shows a sample two-weeks dataset to show a 
comparison between the WT forecasts with actual production. The WT 
forecast succeeds in capturing the average trend of wind production but 
fails in correctly predicting the oscillations around it.

Fig.15 (b) shows the NE between actual production and predicted 
production. Unlike the error that affects solar production, the error 
behind the WT forecast is much more randomly distributed. The scatter 
plot correlating the actual power production with the respective forecast 
in Fig. 16 shows that this time the points are distributed less predictably 
with respect to the case of solar prediction (Fig. 8). The high concen
tration of points above the bisector line in the lower left part of the graph 
means that the commercial forecast is prone to overestimating wind 

Fig. 13. Sensitivity analysis on NMAE of PV forecast varying the topology and the number of training days for NNs – small networks.
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power production at low power ratings. The mean NE is indeed equal to 
− 1.9 % and a median NE of − 2.5 %. The histogram of the NE in Fig. 17
shows that the distribution of the error is almost symmetric but slightly 
shifted towards negative errors.

To test the capabilities of data-driven approaches, the same meth
odology applied to enhance the PV power production was applied to the 
WT time series.

3.2.1. Linear regression (LR) sensitivity analysis on the number of training 
days

Fig. 18 shows that, at first, the average NMAE of the WT prediction 
decreases with the number of previous days used for the training phase 
of the LR method. Unlike results of the same method applied for the PV 
forecast correction (Fig. 10), the error increases also in LR when an 
excessive number of days is used for the training. The curve presents a 
minimum after 21 days, then, when the algorithm is trained on too many 
days, the accuracy drops and the error increases again. Trained on 21 
days of previous operation, LR produces a WT production forecast 

Fig. 14. Sensitivity analysis on NMAE of the PV forecast varying the topology and the number of training days for NNs – larger networks.

Fig. 15. Comparison of two weeks of operation of WT forecast with actual production (a) and NE between actual production and predicted production (b).
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characterized by an NMAE of 9.86 %, but the NRMSE remains at 14.6 %.

3.2.2. WT forecast enhancement - Support Vector Regression (SVR) 
sensitivity analysis on C hyperparameter and number of training days

As for the PV, the SVR method was tested first varying the number of 
training days and the value of the hyperparameter C. The contour plot in 
Fig. 19 shows the results of the sensitivity analysis varying the number of 
training days from 16 to 30 and the C parameter from 1 to 50. Results 
show that the best combination to minimize the error in forecasting the 
WT is given by 22 training days. Again, the effect of the C variation on 
the effectiveness of the algorithm is much weaker than the effect of 
changing the size of the training window.

As for the LR, the optimal number of days to train the algorithm is 
different than the maximum, since the correlation that SVR can find may 
be biased by values too far away in time.

Then, the SVR method was tested with the hyperparameter ε varying 

from zero to one, with a resolution of 0.1, in various combinations with 
the C parameter (Fig. 20). Differently from the PV, this time the best 
strategy involves a value for ε different from zero. Due to the different 
nature of wind production, it appears advantageous to allow for the 
existence of a tolerance band and not penalize points whose deviation is 
still close from the target.

Even with tuned parameters, the SVR performs only slightly better 
than the LR. Trained on a time window of 22 days, the combination that 
produced the lowest error combined a C of 37 with an ε of 0.4 to reach a 
NMAE of 9.84 %.

3.2.3. WT forecast enhancement - neural networks (NNs) sensitivity 
analysis on topology and number of training days

The sensitivity analysis regarding the application of NNs to correct 
the WT forecast focused on the optimization of the topology in combi
nation with different time windows (number of previous days) used for 
the training. As for the PV field, at least 1•104 iterations were required to 
reach convergence during the training phase.

The contour plots in Figs. 21 and 22 show the results of the sensitivity 
analysis varying the number of days to train the algorithm and the to
pology of the neural network. Fig. 21 involved smaller networks, while 
in Fig. 22 larger networks with a higher number of neurons are 
considered.

Networks involving a higher number of neurons performed better 
than simpler networks. The presence of a layer involving too few neu
rons always proved to be a limitation: all networks comprising a layer 
with only 5 neuros performed worse than networks involving only layers 
with a higher number of elements.

The lowest NMAE reached by the sensitivity analysis is 10.04 with 
NNs involving three hidden layers each containing 30 neurons trained 
on 27 days of operation. NNs performed considerably worse than 
regression methods, meaning that too complex algorithms may be 
detrimental to the improvement of the WT forecast.

3.3. Comparative analyses between the approaches

This section presents a comparison of the performance of the three 
tested methods (SVR, NNs, and LR) across different numbers of training 
days. The discussion also examines how the improved forecast, achieved 
using the method with the best performance, compares to the original 
one. Finally, the results of the sensitivity analysis are summarized, 
focusing on the variation and impact of hyperparameters on the out
comes. All comparisons are conducted both for solar and wind energy 
predictions.

3.3.1. PT forecast enhancement - comparison between the approaches
Fig. 23 shows a comparison among the NMAE of the PV improved 

forecast resulting from LR (brown line), SVR (yellow line), and NNs 
(orange line), varying the number of days that the algorithm can use for 
the training phase. The results from SVR and NNs are derived from the 
optimal hyperparameter tuning for each specific number of training 
days. LR performs best when trained on the maximum possible number 
of days (i.e., 30), whereas both NNs and SVR achieve their highest 
performance when trained on 25 days before the "application day." 
Additionally, LR consistently improves the original forecast, but the 
other two algorithms (NNs and SVR) always outperform LR, regardless 
of the number of training days used.

SVR is the most effective choice when the training period is fewer 
than 22 days, as this method accurately captures the linear relationship 
between the production of the following day and its trend from previous 
days. However, when more than 22 days of training data are available, 
NNs outperform SVR. NNs excel in capturing trends that linear models, 
such as LR and SVR, cannot detect, leading to more precise predictions 
when sufficient training data is provided.

Fig. 24 shows the application of NNs trained on 8, 25, and 30 days to 
correct the forecast of a conventional day, after the realization of an 

Fig. 16. Scatter of the commercial forecast versus the actual power production 
from the WT.

Fig. 17. Histogram of the Normalized Error distribution characterizing the 
commercial forecast of the WT production.
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atypical day. When trained on an excessively long dataset, the algorithm 
may find a strong seasonal correlation that it then applies all the time. In 
this case, the algorithm trained on 30 days (orange line), predicts a high 
peak of production based on a previous month characterized by a high 
solar irradiance. Shorter training periods prevent the model from 
capturing longer-term dependencies but may introduce a bias error if the 
recent period is atypical. In the example, the algorithm trained on 8 days 

(green line) underestimates the power production in the application 
because the day before was characterized by a low producibility. The 
algorithm trained on 25 days was instead able to provide a forecast 
much closer to the actual production, finding a trade-off between using 
enough days to prevent recent biased data without capturing uncorre
lated long-term trends.

The example of forecast correction over a two-week period in Fig. 25

Fig. 18. Sensitivity analysis NMAE of WT production forecast corrected by LR, varying the number of days used for the training phase of the algorithm.

Fig. 19. Sensitivity analysis on the NMAE of the WT forecast corrected by SVR, varying the C parameter and the number of training days used for the training phase 
of the algorithm, considering ε = 0.
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shows how the best-performing method tested in this study (NNs trained 
on 25 days of operation) modifies the time series. While the results 
represent the average accuracy of forecasts over the entire year of 
operation, this graph provides a focused view of the comparison for a 
specific period.

Fig. 25 (a) shows the time comparison between the original forecast, 
the improved forecast, and the actual production. The improved forecast 
consistently aligns more closely with the actual production, as the model 
is able to reduce the initial bias error. The subsequent figures highlight 
the trend of the NE between the actual production and the original 
forecast (b), as well as between the actual production and the improved 

forecast (c). Fig. 25 (b) shows that the original NE is consistently 
negative, indicating that the forecast consistently overestimated pro
duction (bias error). In contrast, Fig. 25 (c) demonstrates that the NE of 
the improved forecast is reduced and more evenly distributed. This 
shows that the NNs method successfully eliminates the bias error and 
enhances the accuracy of the forecast.

Table 1 summarizes the results of the sensitivity analysis conducted 
on the three tested methods, highlighting their best possible outcomes 
for improving PV forecast accuracy.

Starting with an original NMAE of 8.6 %, LR reduces the error to 
3.59 % when trained on 30 days of past operation. LR performs 

Fig. 20. Sensitivity analysis on the NMAE of the WT forecast corrected by SVR, varying the C parameter and ε used for the training phase of the algorithm, 
considering a number of training days equal to 22.

Fig. 21. Sensitivity analysis on NMAE of the WT forecast varying the topology and the number of training days for NNs – small networks.
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optimally when trained on the maximum number of previous days. In 
contrast, SVR and NNs show improved performance when trained on a 
higher number of previous days, but not an excessively large dataset.

SVR, with ε set to zero and C set to 37, achieves a further reduction in 
NMAE when trained on 25 days of operation, reaching 3.44 %. The 
sensitivity analysis on SVR reveals that always applying a penalty to 
errors during training enhances its performance, but better forecasts 
come from methods that also mitigate this penalty.

NNs provide the best forecast, lowering the NMAE to 3.34 % when 

trained on 25 days of operation. However, NNs require careful config
uration: they must have a sufficient number of neurons to capture the 
complexity of the data patterns, while avoiding excessive complexity to 
prevent overfitting. Additionally, a sufficiently high number of itera
tions (10k) is necessary for the method to converge during training.

From an NRMSE perspective, all tested methods show improvement. 
LR reduces the NRMSE from the original 15.59 %–7.68 %. SVR slightly 
underperforms in this regard, lowering the NRMSE to 7.8 %. NNs again 
offer the greatest benefit, reducing the metric to 7.62 %.

Fig. 22. Sensitivity analysis on NMAE of the WT forecast varying the topology and the number of training days for NNs – larger networks.

Fig. 23. Comparison among the NMAE of the PV improved forecast between LR (brown line), SVR (yellow line), and NNs (orange line) varying the number of days 
that the algorithm can use for the training phase.
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Fig. 26 compares the NE distribution of the PV production forecast 
corrected using LR, SVR, and NNs and shows the scatter of the rela
tionship between the actual power production and the predicted one 

after the application of the three methods. All methods successfully 
removed the second peak of the error distribution characterizing the 
original commercial forecast (Fig. 9). LR remains slightly more biased 

Fig. 24. Application of NNs trained on 8, 25 and 30 days to correct the forecast of a conventional day, after the realization of an atypical day.

Fig. 25. Example of forecast correction of solar production during two weeks of operation. a) comparison between the original forecast, the improved forecast, and 
the actual production b) normalized error trend between the original forecast and the actual production c) normalized error trend between the improved forecast and 
the actual production.
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towards negative errors with respect to SVR and NNs, with the latter 
methods showing the most symmetrical error distribution among the 
three. All methods also reduced the maximum NE from 93.1 % to 53.4 % 
(LR), 58.7 % (SVR), and 75.6 % (NNs).

To facilitate the comparison between the distributions, the box-and- 
whiskers plot in Fig. 27 directly compares the distribution of the original 
NE and the NE after the application of the three methods. From the 
original error distribution with a mean NE of − 12.2 % and a median NE 
of − 9.7 %, the application of machine learning succeeded in centering 
the error distribution around zero and removing biases in the forecast.

3.3.2. WT forecast enhancement - comparison between the approaches
Fig. 28 shows the comparison among the NMAE of the improved WT 

forecast resulting from LR (purple line), SVR (blue line), and NNs (tur
quoise line), varying the number of days that the algorithm can use for 
the training phase. Results from SVR and NNs come from the best 
hyperparameters tuning when working with that specific number of 
training days.

SVR and LR perform best when using a limited number of previous 
days for the training phase. Both present the best accuracy when 
working with a time window of around 21–22 days. NNs perform better 
when working with more previous days, but they always perform worse 
than regression methods. In general, for the WT forecast enhancement, 
the SVR always represents the best solution.

Fig. 29 shows an example of WT forecast correction during two 
weeks of operation, using the best method tested in this work: SVR 
trained on 22 days of operation. In particular, Fig. 29 (a) shows the time 
comparison between the original forecast, the improved forecast, and 
the actual production. Due to the much higher complexity and the origin 
of the forecast error, the improved forecast is scaled in some points and 
not always closer to the actual production. The figures below show 
instead the NE trend between the actual production and the original 
forecast (Fig. 29 (b)) and the improved forecast (Fig. 29 (c)). The dif
ference between the time series is hardly noticeable this time.

Table 2 summarizes the results from the sensitivity analysis made on 
the three tested methods and their best possible outcome for the 
enhancement of the WT forecast. From the original NMAE of 10.25 %, 
LR trained on 21 days of previous operation can reduce the error down 
to 9.89 %. SVR tuned with ε equal to 0.4 and C equal to 37 can reduce 
the NMAE even more when trained on 22 days of operation, bringing the 
metric to 9.86 %. Results of the sensitivity analysis on SVR show that it is 
better to always assign a penalty to errors during the training phase of 
the method, but better forecasts come from methods that mitigate this 

Table 1 
Comparison of best results from different algorithms for the PV forecast 
enhancement.

Metric Original LR SVR NNs

Optimal number of 
training days

– 30 25 25

Optimal 
Hyperparameters

– – ε = 0 
C = 37

Max iter. = 10k 
Topology =
10,10,10

Final 
NRMSE

15.95 % 7.68 % 7.8 % 7.62 %

Final 
NMAE

8.6 % 3.59 % 3.44 % 3.34 %

Max NE 93.1 % 53.4 % 58.7 % 75.6 %
Mean NE − 12.2 % − 0.59 % − 0.57 

%
− 0.61 %

Median NE − 9.7 % − 0.95 % 0.21 % 0.12 %

Fig. 26. Histograms of normalized error distribution and scatter of the forecasted power vs actual power production from the PV field after the application of LR, 
SVR, and NNs.
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penalty.
NNs lead to a worse forecast and lower the error only down to 10.04 

% when they are trained on 27 days prior to their application. When 
working with uncorrelated time series, complex methods try to find 
complex correlations that end up increasing the final error and 
compromising the accuracy of the forecast.

In this case, regression methods are able to decrease a specific error 
metric as the NMAE. However, from other perspectives, like the one of 
the NRMSE, the accuracy of the forecast remains the same. Since the 
NRMSE is more sensitive to outliers, ML methods are not able to 
significantly improve this metric. A data-driven approach is effective in 
reducing bias errors, and in the case of wind energy forecasting, this 
results in a slight improvement in the NMAE. However, as the ML 
methods are unable to address the underlying issue, i.e., that the fore
casts tend to follow the average production rather than capturing its 

fluctuations, there is little improvement from the perspective of NRMSE. 
This limitation prevents any substantial change in the NRMSE, as the 
methods do not fully account for the variability in the production data.

Fig. 30 compares the NE distribution of the WT production forecast 
corrected using LR, SVR, and NNs, and shows the scatter of the rela
tionship between the actual power production and the predicted one 
after the application of the three methods. As for the application to the 
solar forecast, the methods improved the symmetry of the error, 
reducing the negative bias of the commercial forecast at low power 
levels. The median NE was reduced from − 2.5 % to − 0.8 % (LR), 0 % 
(SVR), and − 1.5 % (NNs), centering the distribution much closer to zero. 
The methods also improved the mean NE, which was reduced from − 1.9 
% to − 0.24 % (LR), 0.77 % (SVR), and − 0.35 % (NNs). Even if the gain 
in terms of NMAE was limited, the improvement in the error distribution 
makes the prediction less prone to introducing problems related to 

Fig. 27. Box-plot comparison of the normalized error characterizing the original forecast of the PV field production and forecast improved by LR, SVR and NNs.

Fig. 28. Comparison among the NMAE of the WT improved forecast between LR (purple line), SVR (blue line), and NNs (turquoise line) varying the number of days 
that the algorithm can use for the training phase.

F. Superchi et al.                                                                                                                                                                                                                                Energy 336 (2025) 138396 

18 



biased behaviors.
The box-and-whiskers plot in Fig. 31 directly compares the NE dis

tribution of the original forecast with the predictions improved by the 
three algorithms. Even if the gain is much more limited than in the case 
of the application to solar forecast, the approach of the mean and the 
median NE to zero represents a benefit for several applications.

4. Discussion

This work proposed the application of three machine learning 

algorithms to reduce the error of commercial forecasts of solar and wind 
power production.

The study also analyzed the problem of overfitting, preventing the 
algorithms from failing to fit to additional data or predict future ob
servations reliably. In this work, the models were not trained once on a 
fixed dataset but re-trained daily using a sliding window of the previous 
30 days and applied to predict the next day. This approach can also be 
referred to as a “walk-forward strategy” and inherently limits overfitting 
by ensuring that future data are never used in training. Each prediction 
is made on completely unseen data, and the model cannot “memorize” 
the entire historical dataset. As an additional check, some standard 
overfitting prevention strategies were still tested. No improvement was 
achieved by implementing the model regularization via the alpha 
parameter (L2 penalty). Similarly, when using early stopping, the solver 
led to premature convergence and increased the error in this specific 
application, probably because of the limited training windows used.

The commercial solar forecasts analyzed in this study were charac
terized by considerable bias error, with a mean NE of − 12.2 % and an 
error distribution with two peaks (Fig. 9). The application of ML proved 
to be able to drastically reduce this bias error, lowering the mean NE to 
− 0.6 % on average. The NMAE was also improved from 8.6 % to 3.34 % 
by using NNs. The order of magnitude of these results is in line with 
findings from Böök and Lindfors [45], who managed to reduce the MAE 
from 0.08 to 0.06 W/Wp and bias from 0.05 to 0.01 W/Wp after the 
application of their site-specific adjustment of NWP-based PV forecasts. 
Results from this work show that it is possible to achieve a comparable 
improvement by directly correcting commercial forecasts with a stan
dard ML algorithm available via open-source libraries, if properly tuned.

The error distribution of the ML corrected forecast is similar to what 

Fig. 29. Example of forecast correction of wind production during two weeks of operation. a) comparison between the original forecast, the improved forecast, and 
the actual production b) normalized error trend between the original forecast and the actual production c) normalized error trend between the improved forecast and 
the actual production.

Table 2 
Comparison of the best results from different algorithms for the WT forecast 
enhancement.

Metric Original LR SVR NNs

Optimal number of 
training days

– 21 22 27

Optimal Hyperparameters – – ε =
0.4 
C =
34

Max iter. = 10k 
Topology =
30,30,30

Final 
NRMSE

14.6 % 14.6 % 14.6 
%

14.6 %

Final 
NMAE

10.25 % 9.89 % 9.84 
%

10.04 %

Max NE 81.14 % 81 % 85.7 
%

82.7 %

Mean NE − 1.9 % − 0.24 % 0.77 
%

− 0.35 %

Median NE − 2.5 % − 0.8 % 0 % − 1.5 %
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was found by Yin et al. [21]. With respect to the non-iterative correction 
method proposed by the authors of the latter study, the walk-forward 
technique developed here achieved similar improvements in error 
metrics by correlating the commercial forecast with historical power 
production without requiring other inputs such as the irradiance, tem
perature, humidity, and wind speed.

The analysis of the RES production forecasts revealed that these 
quantities can often be biased, as found by Maciejowska et al. [43]. As 
found by the authors of the latter study, results from this study proved 

that regression models can improve the accuracy of predictions. How
ever, the comparison between the three algorithms tested in this study 
proved that NNs outperformed regression models for PV production 
forecasting, in line with findings from studies performing solar pre
dictions from weather data [24,27,30].

In line with findings from Wang et al. [34], the uncertainty of wind 
power forecasts is higher than solar power. In terms of NRMSE, the 
proposed methods were not able to improve the accuracy of the WT 
production forecast. Considering the other error metrics, the room for 

Fig. 30. Histograms of normalized error distribution and scatter of the forecasted power vs actual power production from the WT after the application of LR, SVR, 
and NNs.

Fig. 31. Box-plot comparison of the normalized error characterizing the original forecast of the WT production and forecast improved by LR, SVR, and NNs.
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improvement of the WT forecast is much more contained than in the case 
of solar predictions.

The sensitivity varying the size of the time window used for the 
training of the methods has shown that, in most cases, correction algo
rithms performed better when trained on a smaller number of days, 
rather than the maximum available training period. The correlations 
identified by data-driven methods can indeed be influenced or biased by 
data points that are too distant in time. Methods performed better when 
working with more recent subsets of historical data, allowing the algo
rithm to capture relevant patterns without the noise deriving from less 
relevant information. On the other hand, using too short training periods 
resulted in biased forecasts after atypical days, showing the need to find 
the right trade-off between the two extremes. In general, training pe
riods from 25 to 27 days performed best.

The statistical analysis of the residual NE of corrected forecasts has 
shown that the proposed methods were successful in eliminating bias 
errors: from − 12.2 % to − 0.57 % for solar using SVR and from − 1.9 % to 
− 0.24 % for wind using LR. In cases where a commercial forecast pre
sents an offset from the actual performance of a generator (e.g., over
looked aspects of real production or poor calibration), ML algorithms 
have shown significant potential in greatly improving accuracy.

However, these methods were not able to reduce other types of er
rors. For example, while wind production forecasts can capture the 
average generation, they struggle to consider the actual oscillations of 
production. Even when trained on the discrepancy between historical 
production and previous predictions, ML algorithms did not improve 
this issue. This limitation likely arises because there is no inherent link 
between the predicted values and actual production, making it impos
sible to extract meaningful patterns from the data, even using complex 
methods. In fact, more advanced techniques, such as NNs, often per
formed worse than simpler regression models, possibly due to their 
attempt to model correlations that do not exist in the data.

The improvement that ML correction can bring to commercial fore
casting suggests that policies promoting the integration of these tools 
can enhance the planning and scheduling phase of HESs or isolated 
networks. A more accurate forecast can indeed reduce the reliance of 
these systems on fossil-based power plants and support a more efficient 
use of battery storage, thus lowering operational costs and greenhouse 
gas emissions. The adoption of ML-based forecasting frameworks can 
also increase the resilience of power systems in remote areas, providing 
valuable guidance for decision-makers aiming to accelerate renewable 
energy penetration while maintaining system stability.

The ML improved forecast can drive the dispatch optimization of the 
HPS of the island of Tilos. This study proved that ML could reduce bias 
error and improve the accuracy of commercial forecasts. Despite this, 
the new predictions must be tested on a real application to assess if they 
could actually result in better decision-making for the storage device 
management and power allocation, ultimately leading to an actual 
improvement in the outcome of the system. The bias-corrected forecasts 
proved to be the ideal starting point for the generation of a set of possible 
realization scenarios of PV and WT production, the input for a robust 
optimization algorithm to improve the reliability of the HPS energy 
export, as suggested recently by the authors in Ref. [53].

This study applied ML methods to directly correct a commercial 
forecast, trying to identify patterns linking the biased prediction with 
the actual production from generators. This may represent a strength 
point for some applications, limiting the number of time series required 
for the application of the proposed correction method. On the other 
hand, the inclusion of other physical quantities in the training phase of 
the algorithms, such as the temperature, irradiance, wind speed, etc., 
may allow the algorithms to find other correlations that may enhance 
the accuracy of final predictions. In further studies, if historical pre
dictions of other quantities related to RES production become available, 
new correction methods involving new inputs could be tested.

The discussion and analysis of results have provided some general 
insights on the application of ML algorithms for the correction of 

commercial forecasts, as the higher improvement margin for bias errors 
and the trade-off represented by a medium number of training days. 
However, the use of data related to a small, geographically specific 
location limits the direct generalizability of the proposed algorithms. 
With the availability of additional datasets related to different locations, 
further developments of the study could involve the application of the 
proposed techniques to new sites. The comparison of results from this 
study and from the application to other locations would provide valu
able insights into the necessity of tuning the algorithms for each specific 
case study, considering each specific set of phenomena contributing to 
the forecasting error.

The aim of the study was specifically to correct day-ahead com
mercial forecasts from a commercial provider that the manager of an 
HPS acquires to optimize the operation of a RES-based system in the day- 
ahead electricity market. These forecasts are usually classified as “short- 
term forecasts”, different from the medium- and long-term forecasts, 
which are instead useful for the system planning and design phases. 
Further studies could focus on the correction of longer-term forecasts to 
discuss whether the application of ML algorithms to a longer application 
dataset would change the size of the optimal training window and the set 
of optimal hyperparameters.

Due to data availability, the maximum length of the training dataset 
used for the walk-forward training validation of algorithms was thirty 
days. While results have shown that in most cases the optimal number of 
days for the training phase was lower than the maximum one, longer 
training windows may allow the algorithms to exploit seasonal trends. In 
further studies, if longer historical predictions become available, the 
algorithms could be tested with longer training windows. However, in 
such case, the algorithms would be more vulnerable to suffering from 
overfitting problems. To avoid that, advanced techniques as dropout or 
early stopping should be tested to improve the effectiveness of 
algorithms.

5. Conclusions

The present study evaluated and compared various data-driven ap
proaches to enhance renewable energy production forecasts. The study 
specifically focused on forecasting solar and wind energy production, 
which was tested using the HPS of a small Mediterranean island as a case 
study. The HPS model is also gaining attention in regions with outdated 
electrical grids, where the integration of intermittent RES must comply 
with stringent technical constraints to ensure grid stability and 
reliability.

Every method tested in this work succeeded in improving the orig
inal forecast of the production capabilities of both the PV field and the 
WT that feed an actual HPS. The results indicate that data-driven models 
hold significant potential for improving RES production forecasts pro
vided by an actual commercial provider. This application is particularly 
promising, as enhanced prediction accuracy can greatly benefit the 
scheduling process of HPSs.

Regarding the enhancement of solar production forecast, LR leads to 
good results despite its simplicity. An LR method trained on 30 days of 
previous operation can reduce the original NMAE from 8.6 % to 3.59 %. 
SVR was the best-performing approach when the available number of 
days for the algorithm training was limited. When trained on 25 days, 
the SVR can reduce the NMAE to 3.44 %. However, tailoring the algo
rithm for the minimization of the NMAE led to high values of C, the 
parameter that relaxes the tolerance of errors outside the allowed band. 
Consequently, SVR performs slightly worse than LR from the perspective 
of NRMSE, since this error metric weights the impact of outliers more.

Overall, the method that performed best in the solar forecast com
prises the NNs algorithm. An NN composed of three layers, each con
taining 10 neurons, can reduce the NMAE to 3.34 % when trained on 25 
days prior to the application. Every tested method was able to improve 
the PV commercial forecast both in terms of NMAE and NRMSE.

When methods were applied to enhance the accuracy of the 
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prediction of the wind power production, the improvement was signif
icantly lower. NNs were the worst-performing method when applied to 
the WT time series. The layout that performed best comprises three 
layers, each containing 30 neurons. This method could reduce the error 
only down to 10.04 % when trained on 27 days. LR performed slightly 
better, reducing the error to 9.89 % when trained on 21 days. SVR was 
the best-performing method and could reduce the error to 9.86 %.
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