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A B S T R A C T   

The association of different variable renewable technologies in hybrid power plants and the benefits of their 
aggregation for the operation of power systems is an area of recent research. Accurate forecasts are crucial for 
extracting those benefits and promote an optimal integration of such plants into power systems and electricity 
markets. This study focuses on the hybridisation of existing wind power plants with different shares of solar 
photovoltaic capacity and investigates how these power plants can reduce their combined forecast errors and 
thus, increasing profitability in electricity markets. 

The work uses a forecast methodology based on a sequential forward feature selection algorithm which em
ploys two different objective functions and an artificial neural network approach previously presented but, in this 
case, it is applied to the specific case of hybrid power plants. The methodology uses as input data from a nu
merical weather prediction model and iteratively selects meteorological features to achieve the different 
objective functions implemented, namely i) minimisation of the root mean square error; or ii) maximisation of 
the market remuneration. 

The methodology developed was applied to three case studies in Portugal with different levels of wind and 
solar generation complementarity. The results show that the hybrid power plants can increase market value by 
up to 5% and total remuneration can increase by up to 30% when compared with the existing wind power plant, 
while it is possible to reduce the forecast errors by nearly 4%. The obtained results highlight the need to select 
the most relevant meteorological features to maximise the accuracy of the power forecast and the renewable 
power producers revenues in a market environment.   

1. Introduction 

Sustainably integrating variable renewable energy sources (vRES) as 
wind and solar photovoltaic power into power systems is a significant 
challenge due to their intrinsic generation variability (Yang et al., 2021). 
Accurate forecasting of vRES production is necessary to minimise the 
use of carbon-intensive technologies and costly reserves and to achieve 
optimal dispatch schedules for the power system (Wang et al., 2022). As 
reliance on renewable energy grows, the accuracy of forecasting systems 
will become increasingly crucial (Ruhnau et al., 2020), (Strbac et al., 
2021). 

Forecasts are also instrumental in electricity markets to enable 
market players to participate in different market products. Notwith
standing that vRES players will always face challenges in these markets 
due to the unpredictable and complex behaviour of the atmosphere, 
especially since forecasting accuracy depends on the forecast horizon 

(Yan et al., 2022). The day-ahead market (DAM) is used in many elec
tricity markets worldwide, typically requiring forecasts for a horizon 
between 12 and 36 h (Algarvio et al., 2019). For this horizon, forecast 
methods based on numerical weather prediction (NWP) models 
outperform other forecast methods such as satellite and all-sky imaging 
(applied for solar purposes) or autoregressive that are useful for short 
time horizons (up to 6 h head). Comprehensive reviews are available for 
wind (Yang et al., 2021) and solar photovoltaic (PV) power forecasting 
(Yang and van der Meer, 2021), (Ahmed et al., 2020). 

In recent years NWP models have improved their capabilities to 
simulate the atmospheric circulation but still have errors due to, for 
instance, inadequate physics parameterisations, sub-grid-scale phe
nomena, and uncertainty in initial and boundary conditions (Yan et al., 
2022). Downscaling techniques can mitigate some of these issues by 
using statistical or machine learning methods to establish relationships 
between local (as wind power) and large-scale (such as wind speed, 
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pressure, and atmospheric stability fields from a NWP) variables and 
provide location-specific forecasts (Ahmed et al., 2020). 

Recently, researchers have focused on advanced power forecast ap
proaches that involve machine learning and deep learning (Wang et al., 
2019), ensemble (Alessandrini et al., 2015), and hybrid (Eseye et al., 
2018) models. These models are complex and require extensive hyper
parameter tuning (Markovics and Mayer, 2022), which makes them 
difficult to interpret and adopt. Additionally, some of these models 
typically exhibit only a marginal improvement in performance and are 
often tested on a single case study, making it unclear whether the 
observed improvements are universally applicable or represent local 
effects (Verbois et al., 2022). Thus, the accuracy of wind speed forecasts 
is significantly influenced by the local climate conditions and, as a 
result, the specific location under consideration (Visser et al., 2022). 

Recent studies have shown that the use of adequate meteorological 
input parameters from NWP data can improve the accuracy of wind and 
solar power forecasts. By comparing several machine learning methods 
for solar power, Markovics and Mayer (2022) identified that the selec
tion of predictors is more crucial than the choice of models in achieving 
accurate results. Salcedo-Sanz et al. (2018) found a 20% improvement in 
wind power forecasting by using a feature selection (FS) approach, while 
Andrade and Bessa (2017) recommend effective feature extraction from 
raw NWP data to enhance wind and solar PV forecasting accuracy. Couto 
and Estanqueiro (2022) have demonstrated that selecting suitable 
meteorological data can reduce errors in wind power forecasts by 
13–37%, and Castangia et al. (2021) showed that cloud cover and 
relative humidity are important meteorological features for improving 
solar PV forecasts. 

The concept of (utility) hybrid power plants (HPPs), which allows 
the hybridisation of existing wind power plants, was recently introduced 
in several countries, bringing attention to the exploitation of wind and 
solar PV complementarity (Jurasz et al., 2020a). HPP refers to a power 
plant that utilizes two or more renewable technologies with or without 
an energy storage system, to generate electric power (Couto and Estan
queiro, 2021), (WindEurope, 2019). This power is then injected into the 
grid at a single point of common coupling which is the same intercon
nection grid busbar, regardless of the number of renewable technologies 
or groups being used, and up to the maximum capacity allowed by its 
distributed generation permits. Thus, HPPs or the hybridisation of 
existing wind and solar PV power plants can have benefits such as i) 
shared and synergetic use of electric infrastructure, ii) a combined vRES 
generation with lower variability when compared with a single tech
nology; iii) a reduction of events with low vRES contribution; and iv) 
bringing more value to investors and to the electricity system, such as 
through the possibility of providing ancillary services (Dykes et al., 
2020). A review of HP projects currently in operation is available in 
(WindEurope, 2019), (Klonari et al., 2019; Lindberg et al., 2021; 
Babaremu et al., 2022). In Portugal, the first wind-solar HPP began 
operating at the end of 2022. This HPP combines an existing wind power 
plant, which has eight wind turbines and an installed capacity of 11 MW, 
with the integration of an additional 8.4 MW of solar PV capacity (EDP, 
2023). Despite the focus on wind and solar PV power in this work, the 
combination of different renewable technologies shows that can bring 
value for producers and the power system, for instance, by combining 
wind and hydro power (Karadö et al., 2021), solar and hydro power 
(Jurasz et al., 2020b), solar and biomass (É et al., 2021), or combine 
multiple sources as wind, solar, hydro and geothermal (Qiu et al., 2022). 

Notwithstanding the benefits identified in the literature on HPPs, the 
specific literature regarding the power forecasts of utility HPPs is still 
reduced (Lindberg et al., 2023). Alessandrini and McCandless (2020) 
used individual forecasts of wind and solar PV and proposed a data 
assimilation technique to improve the forecasting accuracy within an 
HPP. The forecast approach consists of an analogue ensemble technique 
using limited meteorological predictors such as wind speed and direc
tion, global horizontal irradiance, air temperature, and cloud cover. 
Pombo et al. (2022) focused on the most adequate statistical approach to 

obtain individual near-real-time (lead horizons of 5 and 60 min) fore
casts for wind and solar PV in a hybrid power plant in Denmark. In 
addition to the common basic inputs (power generation, wind speed), 
physics-informed parameters were also computed based on thermody
namics and astronomy. The results obtained suggest that different sta
tistical approaches need to be used depending on the forecast horizon. 
Authors also concluded that a random decision forest approach is the 
most appropriate for 5-min forecasts, while an artificial neuronal 
network is the most adequate for lower-resolution problems. Lindberg 
et al. (2023) studied the effect of aggregation at a HPP with wind and 
solar technology in Sweden and assessed the accuracy and value of 
probabilistic power forecasts through participation of this type of power 
plant in an electricity market environment (day-ahead and balancing 
markets). Different aggregation ratios of wind and solar PV within a HPP 
were analysed through their combined variability and forecast perfor
mance. The authors concluded that a scenario with a ratio between 50 
and 60% of wind power is the one that provides the best forecast results. 
Although not focused on power forecast to the specific case of HPP, other 
authors have addressed the benefit of combining wind and solar PV at 
different spatial scales, e.g., for reducing the forecast errors (Zhang et al., 
2015) and in the context of smart grids (Qadir et al., 2021). 

1.1. Research gap 

Being utility-scale HPP a recent concept and area of research, the 
power forecasts for these power plants were only addressed in few ar
ticles with different scopes as previously discussed. In specific, none of 
the previous work focused on the identification of the relevant meteo
rological parameters needed to feed the forecast approaches. In addi
tion, the benefits of wind and solar PV complementarity for improving 
the power forecasts were only analysed for one specific wind and solar 
PV hybrid power plant without discussing the impact of different levels 
of complementarity, as observed in different regions of Portugal (Couto 
and Estanqueiro, 2021). Most of the works used individual forecasts for 
each technology, neglecting the potential benefit of the combined 
complementary primary resources to improve the accuracy of the HPP 
aggregated forecast. 

1.2. Novel contributions 

Using the concept of HPP without storage solutions, this work fo
cuses on the forecast for hybrid power plants (existing wind power 
plants combined with newly installed PV capacity) in Portugal and in
tends to address some previously identified research gaps. In specific, it 
uses the forecast methodology presented in Couto and Estanqueiro 
(2022) for the specific case of HPP. The methodology is applied to three 
specific locations with different levels of wind and solar PV generation 
complementarity. The forecasting methodology used a sequential for
ward FS algorithm to select, at each iteration, the meteorological pa
rameters that minimise a predefined objective function. While in (Couto 
and Estanqueiro, 2022) the root mean square error (RMSE) was the only 
function analysed, here an additional objective function is added to the 
methodology aiming to investigate the potential increase in the profit
ability of the producer in an electricity market environment. First, the 
forecast methodology is applied to forecast wind power. Afterwards, the 
forecast is applied to the combined generation of wind and solar PV 
assuming an HPP design. Similarly to the approach in Lindberg et al. 
(2023), two different solar PV capacity scenarios within the HPP are 
analysed by overplanting the existing wind park with additional 5 and 
10 MW of solar PV capacity. Despite the increase in the installed ca
pacity, the HPP maximum injected capacity is limited to 20 MW. 

Compared to the traditional approach of forecasting and bidding in 
the electricity markets for individual renewable technologies, this work 
also contributes to the understanding of whether: i) the combined 
forecast errors can be reduced in a HPP when compared with the indi
vidual ones; and ii) the profitability in the electricity market can 
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increase in an HPP, when compared to an existing wind power plant. 
This is particularly relevant for bringing added value for the (wind) 
power producers and potentially for the power system. As a side effect, 
this research also provides insights regarding most of the relevant 
meteorological parameters that should be used in an HPP power fore
cast. To increase the interpretation of the results obtained, a feature 
importance technique is applied to the meteorological parameters 
identified with the FS algorithm. 

It should be noted this work focuses on hybridisation of already 
existing wind power plants with newly installed PV solar capacity, since 
the potential for this solution is not only significant in Portugal (as 
shown by Couto and Estanqueiro (2021)). Due to the complementarity 
levels (see (Kapica et al., 2021), (Jerez et al., 2023)) the hybridisation 
can also have a high potential in several other counties where the vRES 
deployment started with wind plants and moved to solar PV in recent 
years. Hybridization enables to increase the share of vRES in the near 
future discarding the need to wait for complex and expensive expansion 
plans for new transmission lines to be designed, approved and imple
mented and, in overall, reducing the unitary investment costs of the 
plants. 

2. Power forecasts and electricity markets 

The day-ahead markets (DAM) with hourly resolution are used in 
numerous electricity markets worldwide as the primary platform for 
trading electric energy. These markets need forecasts/bids for 24-h pe
riods for day D, and those bids need to be submitted on day D-1, usually 
until 11:00 a.m. or 12:00 a.m. depending on the market (Algarvio et al., 
2019). Hence, power producers need to obtain the forecast for a time 
horizon between 12 and 36 h ahead of the actual conversion of the ki
netic energy of the wind. Due to the high anticipation, wind power 
forecast errors are not neglectable and those have a high impact on the 
revenues of wind power producers in markets. It is common to charac
terize the power forecasts performance using technical metrics such as 
bias error, mean absolute error, and RMSE. Those metrics are also used 
to optimize the power forecast systems and evaluate their accuracy 
(Shirkhorshidi et al., 2015). RMSE is often recommended since it con
siders amplitude and phase errors (Yang et al., 2020), (Lange and 
Focken, 2006). However, electricity market players such as vRES power 
producers may be more concerned about the economic performance of 
those models as highlighted by several authors, e.g., (Visser et al., 2022), 
(Antonanzas et al., 2020). In order to incorporate economic performance 
considerations, it is important to account for the financial penalty 
imposed on a market participant when there is a deviation between the 
day-ahead bid and the actual power production (Visser et al., 2022). 

One may conclude that accurate predictions not only support power 
system operators dispatch decisions, but also help maximising vRES 
producers’ profits by reducing imbalance penalties. It should be noted, 
however, vRES power forecasts with no errors are impossible to achieve 
based on the existing DAM designs, and not all markets penalise pro
ducers in the same way for the deviations between the energy bided and 
produced. Most markets penalise deviations using either single or dual 
pricing systems where the penalty is proportional to the deviation from 
the bidding/schedule (Ahmed et al., 2020), (Ntomaris et al., 2022). 
Typically, the power producer that produces more than the energy 
scheduled in the DAM receives the downward price. Under this condi
tion, the system buys the energy produced in excess (with respect to the 
bidding offer) at a price below the DAM, leading to a reduction in the 
potential profit. However, if the energy produced is below the sched
uled, power producers need to compensate the system because it was 
necessary to use more expensive generators to meet the undersupply 
energy. 

As several authors have highlighted, e.g., (Ruhnau et al., 2020), the 
relation between the vRES power forecast accuracy using metrics such as 
RMSE and the economic benefits is not straightforward since the energy 
used in balancing markets changes every hour. Large forecast errors 

when imbalance penalty costs are small might represent a small eco
nomic loss. On the other hand, a small forecast error when imbalance 
penalty costs are significant can lead to high market losses. For the 
Iberian electricity market (MIBEL), Bessa et al. (2011) showed that a 
Spanish wind power producer can economically benefit from biased 
forecasts, which may be in conflict with the perspective of the trans
mission system operator. In the case of solar power, Antonanzas et al. 
(2017) identified that a tendency to forecasts with lower RMSE also 
enables obtaining the highest economic profit following almost a linear 
relationship. For their case study, Antonanzas et al. identified an 
improvement of 1 kWh in the RMSE leads to a profit increase of 11.66 €. 
The authors also noted that minor differences in the RMSE can represent 
large economic variations and vice-versa. Therefore, it is crucial to 
optimize forecasting models, considering their intended application and 
how it translates into value for the vRES participants in the electricity 
markets, as highlighted by the previous discussion regarding the rela
tionship between power forecast technical and economic metrics. 

3. Methodology to obtain deterministic power forecasts 

This study extended the methodology proposed by Couto and 
Estanqueiro (2022) by applying it to the specific case of HPP. In this 
work, an additional objective function to identify the meteorological 
features aiming to maximise the remuneration of the producers was 
incorporated. In this work, a price-taker approach was assumed, 
meaning that individual market participants are small when compared 
to the overall market, and as a result, they have no capacity to influence 
the market prices. 

Fig. 1 presents a flowchart that outlines the main steps of the pro
posed methodology applied for power forecasts. Broadly speaking, the 
methodology starts by obtaining forecast data from a NWP model, as 
well as observed data for wind and solar PV production. Another rele
vant dataset obtained is the MIBEL data, specifically, the hourly data 
from the DAM and the balancing markets, as discussed in the previous 
section. The methodology starts with the application of principal 
component analysis (PCA) to each meteorological parameter used. Thus, 
PCA is used as a data reduction technique. Based on the PCA results, the 
correlation distance between the observed data and the different prin
cipal components (PCs) is determined to rank how the various PCs enter 
the FS algorithm. The PCs are sorted from the highest correlation value 
to the lowest. The FS used is a sequential forward feature selection 
(SFFS) algorithm, therefore, the algorithm starts with only one feature, 
in this case, the PC with the highest correlation. Then, each PC is tested 
to assess whether it enables to improve the performance of the analysed 
objective function. If improvement occurs, the PC is considered relevant 
and therefore retained; otherwise, the PC is discarded. This procedure is 
applied to the different case studies, scenarios and objective functions 
used in this work enabling to identify the most relevant meteorological 
parameters for use in the power forecast for wind and hybrid power 
plants. In the following section, a more detailed description of each step 
is provided. A brief description of each step is provided in the following 
sections. A detailed description can be found in (Couto and Estanqueiro, 
2022). 

3.1. Principal component analysis 

A principal component analysis (PCA) is used in this work as a 
dimensionality reduction method, by transforming a large set of vari
ables into a small number of features that contain most of the variance of 
the original data (Liu and Chen, 2019). Thus, this technique is a common 
procedure that enables to identify the main dominant spatial-temporal 
synoptic variability modes by cancelling poorly correlated local effects 
that exist in the principal components (PCs) that explain a smaller 
percentage of variance (Couto et al., 2015), (Zhang et al., 2018). 
Consequently, the PCA makes it possible to reduce the dataset dimension 
(Liu and Chen, 2019), (Garcí et al., 2022). Mathematically, a 
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meteorological variable defined by j-th grid spatial points with a tem
poral dependence can be expressed as a linear combination of spatial 
patterns and time-dependent weights (1). 

Z =
∑N

j=1
atjej (1)  

where Z represents the meteorological variable, ati represents the PC 
scores, and ei represents the eigenvector of the covariance matrix. The 
equality is usually possible for N equal to the number of spatial points. 
The PCs are formed through linear combinations of observed variables, 
ordered based on a criterion of information explained, specifically, their 
variance (Liu and Chen, 2019). Thus, the first PC captures the largest 
amount of variance in the data. Subsequently, the second PC captures 
the maximum remaining variance that is uncorrelated with the first PC. 
The same occurs for the remaining PCs. In this work, PCA was applied 
individually for each meteorological parameter, and the number of 
retained PCs was determined according to the amount of variance they 
explain. Therefore, the criterion employed was to select the number of 
principal components (PCs) that accounted for 90% of the total variance 
(Dav et al., 2016). After the PCs for each meteorological parameter were 
obtained, the distance correlation (Szé et al., 2009) between all the PCs 
available and the power forecast was computed to rank the PCs for 
iteratively feed the forward feature selection algorithm. The PCA was 
applied for each meteorological variable after a z-score normalisation 
process. In this work, the PCA is computed using the Matlab software 
and the covariance matrix of Z. 

3.2. Feature selection approach 

FS methods are commonly used to achieve efficient data reduction in 

data pre-processing and to develop accurate data models (Lv and Wang, 
2023). FS methods enable to reduce overfitting and make the model 
more interpretable. These algorithms can be classified into four main 
categories: filters, wrappers, embedded and hybrid methods (Solo
rio-Ferná et al., 2020). 

In this work, a wrapper technique was used to identify the most 
pertinent meteorological features. This technique involves the evalua
tion of feature subsets based on the performance of an algorithm using a 
predefined metric. The evaluation is repeated for each subset. Variables 
that improve the model’s accuracy are retained while the rest are dis
carded to construct the final model. 

The sequential forward feature selection (SFFS) algorithm was cho
sen as a wrapper technique (Chandrashekar and Sahin, 2014). In each 
step, SFFS uses a greedy algorithm to search for the optimal subset of 
variables that minimises prediction errors. This algorithm begins with 
only one meteorological feature: the one with highest correlation value 
between the power observed and all the PCs available. At each iteration, 
the algorithm extends the previous set of meteorological features if the 
added feature enables to improve the objective function chosen; other
wise, the feature is discarded. An artificial neural network technique 
(see section 3.3) is then used to obtain the forecasts with different 
subsets of meteorological parameters. After obtaining the forecast, the 
next step is to verify if the objective function has been achieved. This 
verification process is repeated iteratively for all input variables, i.e., all 
PCs. 

To ensure the robustness of the forecast results the methodology 
applied in (Couto and Estanqueiro, 2022) was used. Thus, a ten-fold 
cross-validation technique was implemented, dividing the calibration 
period into training and testing datasets –calibration dataset. Then, the 
validation of the methodology is performed using 6 months of data (as 
described in detail in section 5). For the final forecast results used in 

Fig. 1. Flowchart with the main steps used to generate power forecasts (adapted from (Couto and Estanqueiro, 2022)). The sequential forward feature selection 
algorithm is depicted within the blue box. The orange dotted arrow is utilized based on the chosen objective function. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.) 
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section 5 with the validation dataset, only the meteorological features 
that were identified in eight or more time in the SFFS are used. 

3.3. Artificial neural networks: a statistical approach to obtain power 
forecasts 

Artificial neural networks (ANNs) are a machine learning (ML) 
method widely applied to perform wind and solar power forecasts 
(Ruhnau et al., 2020), (Mellit and Kalogirou, 2008). ANNs are designed 
to recognise patterns and make predictions based on input data and can 
build complex non-linear relationships between the predictor and target 
variables. In contrast to deep learning techniques like recurrent neural 
networks or convolutional neural networks, ANNs have a generalization 
capacity being: i) robust to the presence of noise in the dataset, and ii) 
capable of identify dynamic patterns such as seasonality and trends 
within time-series datasets (Qiu et al., 2022). 

The basic structure of an ANN is composed of three layers: input, 
hidden, and output. The input layer receives the data. The hidden layer 
processes the input data through a series of mathematical operations, 
which involve the use of weights and biases to transform the data into a 
more useful form. The output layer produces the final outcome, which 
can be a prediction, or a classification result based on the input data. The 
number of neurons in each layer and the number of layers in the network 
are important factors in determining the performance of the network 
(Bochenek et al., 2021). In addition of the using rule of thumb (Heaton, 
2008), techniques such as neural architecture search, which automates 
the design of ANNs can support the identification of the most adequate 
architecture of ANNs since large networks with several layers and 
neurons can potentially learn more complex patterns, but they also 
require more computational resources and are more prone to overfitting, 
and potentially perform poorly on new data (Elsken et al., 2018). 

ANNs require training to learn patterns and make accurate pre
dictions. During training, the network is presented with paired input and 
output data. The network adjusts its weights and biases to minimise the 
difference between the predicted output and the target output (Boche
nek et al., 2021), (Nazar et al., 2020). This process can be performed 
using backpropagation algorithms such as Levenberg-Marquardt (LM), 
and it is a crucial part of training ANNs (Papageorgiou and Poczęta, 
2017). The LM algorithm is especially valuable for nonlinear optimisa
tion problems where a balance of speed, stability, and accuracy is 
crucial. Additionally, the LM algorithm is highly suitable for optimisa
tion problems with many parameters because it can efficiently handle 
high-dimensional optimisation tasks. 

The architecture of the ANN adopted in this work is identical to that 
used by Couto and Estanqueiro (2022). Therefore, the number of hidden 
layers is set to one. For the first iteration of the SFFS, the number of 
features available is one, thus, the number of neurons in this layer is two. 
Afterwards, two thirds the size of the input layer plus the size of the 
output layer with rounding up as needed were applied to define the 
number of neurons in the hidden layer. The transfer function is a sig
moid function in the input layer to the hidden layer, and a linear func
tion from the hidden layer to the output layer. Using the LM algorithm 
was used for training the ANN and the network was trained until one of 
three criteria was fulfilled: that the maximum number of iterations (1, 
000) was reached, the minimum gradient (1e-7) was achieved, or the 
network performance measured by the RMSE reached the minimum of 
0. This methodology was implemented using the neural network toolbox 
available in MATLAB software (Matlab, 2012). 

3.4. Feature importance to increase the explainability of the results 

The ANN used in this study is often referred to as a “black-box 
model” due to its low capability to provide directly significant insights 
regarding the relevance of each parameter being only evaluated ac
cording to the performance across various metrics (Molnar et al. et al., 
2022). Although, the explainability of ANN results can, for instance, 

provide useful information for understanding the role of the meteoro
logical features identified with the FS algorithms. Feature importance 
techniques can enable overcoming this limitation of the black-box 
models by quantifying the contribution of each feature within the 
context of a particular model (Molnar et al. et al., 2022), (Carriere and 
Kariniotakis, 2019) 

In the literature, several explainability techniques are available 
depending on the ML model used (Carriere and Kariniotakis, 2019). In 
this work, a permutation feature importance technique is employed for 
feature importance evaluation. The main advantages of this technique 
are: i) simple to apply and ii) applicable after training a model, and iii) 
agnostic nature enabling to apply to a wide array of ML models (Carriere 
and Kariniotakis, 2019). The fundamental principle underlying this 
technique is to observe the alterations in model performance resulting 
from shuffling the values of a feature. In this work, the application of this 
technique involves the following steps: 1) identification of all pertinent 
features using the SFFS algorithm, 2) compute the performance of the 
model with all relevant features, 3) randomly permuting the values of a 
single feature and maintaining the remaining features unchanged and 
evaluating the performance of the model, 4) repeat the previous step for 
all relevant features; 5) compute the importance of each feature ac
cording to equation (2). 

ε(%)=

(
PerformanceAllRelevant

PerformancePermuted
− 1

)

× 100 (2)  

In equation (2), ε represents the feature importance score, 
PerformanceAllRelevant and PerformancePermuted represent the performance 
of the model obtained using all the relevant features, and for each 
feature permuted, respectively. In this work, the performance is assessed 
using the RMSE. A higher value of ε indicates a higher relevant feature. 
Steps 2) to 5) are repeated a total of 100 times for each individual 
feature, and the resulting importance score is determined by averaging 
these repetitions. 

3.5. Metrics to assess the power forecast performance 

The technical metrics used to assess the power forecast performance 
were the RMSE (see equation (3)), which is one of the most recom
mended metrics (Yang et al., 2021), (Yang et al., 2020) and the 
normalized RMSE (NRMSE - equation (4)). In this work, the NRMSE is 
given by the RMSE divided by the average observed power production 
(AveragePower) of each scenario (Schyska et al., 2017). The optimal 
value of RMSE and NRMSE is equal to zero. For economic parameters, 
the total remuneration (Equation (5)) and the market value (Equation 
(6)) were used. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1
[PFor.(t) − PObs.(t)]2

T

√
√
√
√
√

(3)  

NRMSE =
RMSE

AveragePower
(4)  

Renumeration=
∑T

t=0
PFor.(t)PriceDAM(t)

+

{
[PObs.(t) − PFor.(t)]PriceUp(t) for PFor.(t) < PObs.(t)[
PFor.(t) − PObs.(t)

]
PriceDown(t) for PFor.(t) > PObs.(t)

(5)  

Marketvalue=
Renumeration
∑T

t=1
PObs.(t)

(6)  

In the previous equations, PriceDAM is the DAM price at t-th hourly time 
step; PriceUp and PriceDown are the upward and downward deviation 
costs, respectively; and PObs. and PFor. are the observed and forecast 
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power, respectively. The term PFor.(t)PriceDAM(t) represents the remu
neration obtained through the participation in DAM, while the second 
parcel represents the remuneration paid or received in balancing mar
kets. For these economic metrics, the results will be only presented in 
comparison with the reference scenario results to quantify the benefits 
of the HPPs. 

4. Input data: wind and solar power complementarity 

For this work data covering the period from 1 January 2017 to 31 
December 2019 were used. Two main sources of data were used, namely 
1) NWP data from a mesoscale model and ii) observed data from three 
different wind parks and solar parks. The locations of solar power plants 
are within 5 km of the associated wind park, and it is assumed that they 
are affected by similar weather conditions and share the same busbar. 
Historical data from the MIBEL were used to compute the economic 
metrics (OMIE, 2022), (REN, 2022). 

4.1. Forecast data: numerical weather prediction data 

Today, NWP models are the core of weather forecasting and have 
evolved substantially in past years due to growing knowledge regarding 
the physical processes that govern the atmospheric dynamics and cir
culation as well as advancements in computational capabilities. These 
models are now less simplistic and incorporate more detailed physical 
parameterisations. They have also benefited from more efficient and 
representative data acquisition and assimilation systems around the 
globe. There are two primary categories of NWP models: global, which 
covers the entire planet, and regional/mesoscale, which is also called 
limited area models (Sweeney et al., 2020). The latter is usually 
fine-tuned using physical parameterisation for specific areas with high 
spatial and temporal resolution, resulting in reduced forecast errors. 

This work utilized data provided by MeteoGalicia (2021) using the 
weather research and forecasting (WRF) model to obtain various his
torical meteorological forecast parameters. MeteoGalicia offers freely 
available data with spatial grid resolutions of 36, 12, and 4 km. This 
study used data from the 12-km domain because the 4-km domain does 
not cover all the locations analysed. The domain of simulation 
comprised longitudes from − 21.33◦ to 6.16◦ and latitudes from 33.78◦

to 49.46◦ with hourly resolution and a 48-h forecast horizon. However, 
this study examined only the last 24 h, covering the DAM negotiation 
period in the MIBEL. 

The study tested several outputs of the WRF model to identify 
meteorological characteristics that can improve the power forecast ac
curacy for HPPs. The parameters used in this work are listed in Table 1. 
From this table is possible to observe that some of selected parameters 
are not primarily focused on their influence on solar irradiance or wind 
speed but due to their impact on PV or wind power production. For 
instance, air temperature can help to include the effect from the PV 
module temperature that have a significant impact in the efficiency of 
the panels, while the wind speed at the surface are enable to include the 
convective heat transfer effect from PV panels caused by wind (Heu
singer et al., 2020). In the table is also possible to identify meteoro
logically based parameters that influence the variability of wind speed 
and the process of wind power conversion that can be computed using 
the NWP output (Couto and Estanqueiro, 2022). These variables include 
the vertical temperature variation (Tvar.), which is especially relevant for 
coastal zones that are influenced by the atmosphere-ocean interface and 
wind energy density. 

In Table 1, sigma levels 0.994 and 0.986 correspond to nearly 50 m 
and 110 m above ground level, respectively. The parameter vertical 
temperature variation (in Kelvins) was computed based on data from the 
temperature at 2 m above the ground and an 850 hPa level according to 
equation (7). 

Tvar. =T850 − T2 (7) 

The wind shear was computed using WSσ0.994 and WSσ0.986 data as 
detailed in (Couto and Estanqueiro, 2022). It is important to mention 
that while parameters such as solar zenith angle or hour of the day 
(Verbois et al., 2022) or sunshine duration (Castangia et al., 2021) can 
be also explored, particularly for solar PV, the focus of this work is on 
NWP-based features that can improve the power forecasts. 

4.2. Observed power data: wind and solar photovoltaic 

It was not possible to identify data publicly available from wind and 
solar PV hybrid parks to apply and test the developed methodology. To 
overcome that difficulty it was used data from existing small solar PV 
power plants located in proximity to existing wind parks that are 
affected by the same (or very similar) meteorological conditions. The 
combination of such wind and solar PV power plants can be configured 
similarly to an HPP sharing the same substation. To enable the com
parison of results, the following criteria were adopted in this work to 
identify case studies: data availability for a period of more than 2 years, 

Table 1 
Meteorological parameters (and acronyms) used in this work. The parameters 
computed based on NWP are in italic. Adapted from (Couto and Estanqueiro, 
2022).  

Information 
obtained 

Meteorological Parameter Acronym Units 

Single level Atmospheric visibility Vis M 
Cloud area fraction in high 
atmosphere layer 

CFH [0 1] 

Cloud area fraction in 
medium atmosphere layer 

CFM [0 1] 

Cloud area fraction in low 
atmosphere layer 

CFL [0 1] 

Cloud cover at low and 
medium layers 

CFT [0 1] 

Convective available 
potential energy 

CAPE J kg-1 

Convective inhibition CIN J kg-1 
Precipitation convective PrecConv. kg m-2 
Precipitation Prec kg m-2 
Humidity relative at 2 m HR [0 1] 
Mean sea level pressure MSLP Pa 
Planetary boundary layer 
height 

PBL m 

Surface downwelling 
longwave flux 

LWF W m-2 

Surface downwelling 
shortwave flux 

SWF W m-2 

Surface downward latent 
heat flux 

LHF W m-2 

Surface downward sensible 
heat flux 

SHF W m-2 

Surface wind speed gust Gust m/s 
Sea surface temperature SST K 
Mean sea level pressure 
gradient (Couto and 
Estanqueiro, 2022) 

MSLPGrad. Pa m-1 

Wind shear (Couto and 
Estanqueiro, 2022) 

WindShear Dimensionless 

Wind power density at sigma 
levels 0.986 

WPD W m-2 

Vertical temperature variation Tvar. K 

Multiple level Air temperature at 500, 
850, and 2 m 

T500,T850, T2 K 

Geopotential height at 500, 
850 and sigma level 0.986 

HGT500, HGT 
850, HGT σ0.986 

m 

U-wind component at sigma 
levels 0.994 and 0.986, and 
10 m 

U σ0.986, U 
σ0.994, U 10 

m s-1 

V-wind component at sigma 
levels 0.994 and 0.986, and 
10 m 

V σ0.986, V 
σ0.994, V 10 

m s-1 

Wind speed at sigma levels 
0.994, 0.986 and 10 m 

WS σ0.986, WS 
σ0.994, WS 10 

m s-1  
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distance between wind and solar PV parks of less than 5 km, similar 
nominal capacity of the wind park (in this case, 20.00 MW), and the 
characterization of complementarity level between wind and solar PV 
energy. Based on these criteria, three different HPPs were identified. 

Regarding the solar PV power plants, the nominal capacity - 
SolarPVCapacityRatio- varied from nearly 0.14 MW in HPP1 to 2.00 MW in 
HPP2 and HPP3. To increase the impact of solar PV technology, the 
observed data of this technology was upscaled using two different 
nominal capacity ratios. The first ratio (PV5) corresponds to a peak ca
pacity of the solar PV of 5 MW, while the second ratio (PV10) corre
sponds to a peak capacity of 10 MW. The hourly solar PV production 
(SolarPVCapacityRatio) within each HPP was obtained using equation (8). 

SolarPVCapacityRatio(t)=
CapacityRatio
SolarCapacity

SolarPV(t) (8)  

where CapacityRatio is the assumed peak capacity of the solar PV power 
plant while SolarCapacity and SolarPV(t) are the peak capacity of the 

existing solar PV power plant and the hourly production for the solar 
power plant, respectively. 

4.3. Case studies location and wind and solar photovoltaic 
complementarity characterisation 

Fig. 2 displays the regions where the HPPs are located as well as the 
normalized daily profile for each technology. Due to confidentiality 
reasons, the exact locations/coordinates of the vRES plants cannot be 
disclosed. 

The evaluation of complementarity between wind and solar PV 
generation typically involves the use of correlation-based metrics 
(Jurasz et al., 2020a), (Yan et al., 2020). Table 2 presents the Pearson 
correlation values at hourly and daily levels, which is a well-established 
metric for identifying linear relationships between wind and solar PV 
generation. The Pearson correlation ranges from − 1, indicating strong 
complementarity, to 1, indicating strong similarity (see Table 2). 

Fig. 2. a) Location of HPPs analysed and the average daily profile normalized for each location. The boxes in the map represent the region of HPP.  
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Table 2 illustrates the varying degrees of complementarity among 
the HPPs analysed, which are consistent with the outcomes presented in 
(Couto and Estanqueiro, 2021). The highest level of complementarity 
was observed in the inner regions centre/north of Portugal, where HPP1 
is located. Conversely, HPP2 and HPP3 have correlation values near 0 at 
the hourly scale and weak positive values at the daily scale, indicating 
that wind and solar PV generation behave similarly. 

5. Power forecasts 

This chapter presents and discusses the power forecast results for an 
HPP and the potential benefits identified. Table 3 summarises the sce
narios analysed in this work and their specifications. The benchmark for 
this work is the forecast for existing wind power plants using the mini
misation of the RMSE as an objective function in the SFFS algorithm. 

To gain insights into how to forecast power for HPP, two distinct sets 
of scenarios were conducted. In the first, the wind and solar PV time 
series were aggregated before the forecasts were obtained. This set of 
scenarios was designated as “Aggr”. According to Lindberg et al. (2023), 
forecasting aggregated time series has the potential effect of reducing 
the power production variability, thus enabling to reduce the associated 
errors. In the second set of scenarios, the power forecasts were obtained 
individually for each technology, and the results were added being 
limited at each time step the maximum inject capacity allowed. These 
scenarios were designated as “Comb”. For these scenarios, and after 
sensitivity tests, it was determined that the hourly solar power forecast 
should be constrained to the maximum hourly value observed in the 
calibrated dataset for the corresponding month. Therefore, if the fore
cast for a specific hour exceeds the historically observed value for that 
hour in the same month of previous years, the maximum historical value 
is considered. Otherwise, the forecast value obtained with the applied 
methodology is used. 

The maximum inject capacity allowed in all scenarios is 20 MW. In 
any case, if the sum is above 20 MW, the hourly maximum combined 
power value was capped at 20 MW. For each scenario, the forecast 
methodology was calibrated using data from 01 January 2017 to 30 
June 2019. The validation dataset consists of data from 01 July 2019 to 
31 December 2019. The results shown in the next sections are for the 
validation dataset. 

5.1. Wind power plant hybridisation: impact on power forecasts 

Table 4 to Table 5 present the results of the technical and economic 
metrics for the different HPPs and scenarios under analysed in this work 
for the validation dataset. 

From the previous tables, it is possible to observe that HPP1 has the 
highest RMSE values among the three analysed power plants, slightly 
above 3 MW (around 12% of the maximum capacity). However, some 
hybridization scenarios show lower RMSE values compared to the 
benchmark (Wind_RMSE). The NRMSE values decrease in all hybridi
zation scenarios. The Comb_RMSE10PV scenario has the lowest NRMSE 
(38.92%), representing a reduction of 8% compared to the benchmark. 
The market value improvement for HPP1 compared to the existing wind 
power plant ranges from 1.07% (Wind_DAM) to 5.31% (Comb_DAM10PV). 
This wide range can be partially attributed to the benefits of wind and 
solar complementarity. However, despite these benefits, HPP1 has the 
lowest market value and average remuneration. This is attributed to its 
lower capacity factor during hours of high market prices. Additionally, 
the highest forecast errors among the three case studies may also 
contribute to the lower market value of HPP1. 

HPP2 shows slightly less accuracy in predicting power generation in 
the Wind_DAM scenario, with a higher RMSE value (3.07 MW) compared 
to the benchmark. However, several scenarios, such as Agg_RMSE5PV, 
Comb_DAM5PV, Agg_RMSE10PV, and Comb_DAM10PV, have lower RMSE 
values than the benchmark. When comparing NRMSE values to the 
Wind_RMSE results, the best case (Comb_DAM5PV) shows a decrease of 
nearly 5% with an additional 5 MW of solar PV, while the 10 MW hy
bridization scenarios show a decrease of almost 6%. The increased 
market value ranges from 0.27% (Wind_DAM) to 2.24% (Comb_
DAM10PV) for the analysed scenarios. The maximum increase in remu
neration (21.18%) is observed in the Comb_DAM10PV scenario. For HPP3, 
the RMSE values range from 2.89 MW (Comb_DAM5PV) to 3.07 MW 
(Aggr_DAM10PV). Wind_RMSE outperformed the results for HPPs in 
several scenarios showing a reduction that ranged from 3 to 8% in the 
remaining scenarios. The only exception is the Wind_DAM scenario with 
a RMSE value above the benchmark scenario. The scenario Comb_
DAM10PV presents the highest remuneration increment reaching nearly 
31%. 

Fig. 3 summarises the results of the different scenarios considering 
the Wind_RMSE results as the benchmark. In Fig. 3a), a positive value 
means an underperformance compared to the benchmark. 

From Fig. 3 is possible to observe an improvement in performance 
metrics such as negative RMSE and increased market value in most of 
the scenarios, especially for HPP1. HPP2 is the HPP that presents the 
lowest benefits with the market value ranging from 1.19 to 2.24%. 
Hybridising existing wind power plants with solar technology enables to 
reduce the RMSE in several cases, especially for low additional levels of 
solar PV. The result can be partially explained by the cancellation of 
errors obtained when integrating the two technologies in the Comb 

Table 2 
Hourly and daily correlation in each HPP.  

HPP Hourly resolution Daily resolution 

1 − 0.21 − 0.38 
2 − 0.07 0.23 
3 0.09 0.12  

Table 3 
Specifications of the scenarios performed.  

Technology Scenario Solar Capacity 
(MW) 

Objective function in the SFFS 
algorithm 

Observation 

Minimise 
NRMSE 

Maximise 
Remuneration 

Wind Wind_RMSE – x  Benchmark approach 
Wind_DAM –  x – 

Wind and Solar PV 
(HPP) 

Agg_RMSEPV5 5 x  Forecast based on an aggregated time series of wind and solar PV generation 
limited to the maximum inject capacity Agg_DAMPV5  x 

Agg_RMSEPV10 10 x  
Agg_DAMPV10  x 
Comb_RMSEPV5 5 x  Forecasts are obtained for each technology and then are joined being limited to 

maximum inject capacity. Comb_DAMPV5  x 
Comb_RMSEPV10 10 x  
Comb_DAMPV10  x  
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scenarios and the use of a series with less wind power production vari
ability in the case of Aggr scenarios. 

Although no consistent and significant differences were observed, 
the results suggest that using separate forecasts for each technology 
(“Comb” scenarios) appears to be the most suitable approach. 

Regarding the objective function, results show a dependence on the 
objective function used. Using the market value objective function leads 
to the highest performance in economic metrics while minimisation of 
RMSE leads to better results in the technical metrics. 

The results obtained indicate that the integration of HPPs into elec
trical power systems has a minimal impact since maintains the forecast 
errors in the range of the values previously observed in the existing wind 
park. In fact, in certain cases, it may even lead to a reduction in forecast 
uncertainty. Moreover, the hybridization of HPPs brings substantial 
economic benefits to producers operating within an electricity market, 
regardless of the objective function used. 

5.2. Identification of the relevant meteorological features 

To better understand the previous results, Table 6 presents the 
meteorological features identified after applying the SFFS approach for 
HPP1. In this table, the parameters identified in the “Comb” scenarios 
include the parameters obtained using the methodology proposed for 
forecasting each technology. Thus, in the Comb_RMSEPV5, for example, 
the parameters are those achieved in the Wind_RMSE scenario plus the 
ones obtained in the solar power forecast considering a 5 MW capacity. 
For the sake of brevity, the focus is given to wind and HPP power 
forecasts. Solar power forecasts are only addressed as a step needed to 
obtain the forecast in the “Comb” scenario. 

According with Table 6, the following parameters were not identified 
as adequate to improve the objective function results: CFH, CFT, CIN, 
HGT500, MSLP, PrecConv., SST, T500, U10, and WS10. Unusual meteoro
logical parameters in forecast systems, such as Gust, MSLPGrad., PBL, 
WindShear, and Tvar., were identified as important to accomplish the 
objective functions. 

While the parameters remain generally similar across the same set of 

scenarios, slight differences can be observed in the parameters and 
number of PCs necessary to achieve the best performance. In the Agg and 
Comb scenarios, certain parameters such as temperature (at different 
levels), CFL, HR, Tvar., SHF, and SWF resulted from solar PV technology 
forecast results. For the same installed capacity and objective function, a 
highest number of parameters and PCs are required to achieve the best 
forecast in the Comb scenarios compared with the Agg scenarios. Simi
larly, the objective function of maximising producer remuneration uti
lizes a highest number of meteorological parameters compared with 
minimising the RMSE. However, considering the total combined number 
of PCs from all available meteorological variables was 183, it is possible 
to identify that less than 15% of these PCs are used. For the wind power 
forecast, the most significant differences in the results between the 
different objective functions are the utilisation of the wind U-component 
and information regarding the geopotential height at a highest atmo
spheric level in the case of Wind DAM, which maximises revenue in a 
market environment. 

5.3. Impact of the meteorological features on the power forecast errors 

Using HPP 1 and considering the Agg_RMSE10PV scenario as example, 
the benefits of using the SFFS algorithm are analysed in detail in this 
section aiming to increase the explainability of the optimal subset of 
meteorological features in the final results. 

Table 7 presents the PCs identified with the SFFS for this scenario, 
namely, the meteorological parameter and the PCs number, the ranking 
of each parameter (determined based on the distance correlation) and 
the feature importance score. 

As expected, the two PCs with highest correlation are the most 
important for the model obtaining feature importance score values 
above 10%. The two first parameters WSσ0.986 PC#1 and Gust PC#1 are 
strongly associated with the main driving force of wind power. Results 
also show that despite similar distance correlation values of the wind 
speed in two different levels of the atmosphere (WSσ0.986 and WSσ0.994), 
the wind speed at the highest level (nearly 100m) has a higher impor
tance in the performance. Until the feature T850 PC#1, as the distance 

Table 4 
Technical forecast performance for the different HPPs and scenarios.  

Scenario HPP 1 HPP 2 HPP 3 

RMSE (MW) NRMSE (%) RMSE (MW) NRMSE (%) RMSE (MW) NRMSE (%) 

Wind_RMSE 3.10 47.70 2.97 38.74 2.97 41.95 
Wind_DAM 3.19 49.08 3.07 40.05 3.00 42.37 
Agg_RMSE5PV 3.00 41.94 2.95 35.11 2.89 35.85 
Agg_DAM5PV 3.09 43.19 3.03 36.06 3.08 38.21 
Comb_RMSE5PV 3.01 42.08 3.01 35.82 2.96 36.72 
Comb_DAM5PV 3.17 44.31 2.94 34.99 2.98 36.97 
Agg_RMSE10PV 3.11 39.95 2.95 32.47 3.00 33.36 
Agg_DAM10PV 3.19 40.98 3.01 33.13 3.07 34.14 
Comb_RMSE10PV 3.03 38.92 2.97 32.69 2.97 33.03 
Comb_DAM10PV 3.18 40.85 2.94 32.36 3.00 33.36  

Table 5 
Economic forecast performance for the different HPPs and scenarios.  

Scenario HPP 1 HPP 2 HPP 3 

Market value 
(%) 

Increment of remuneration 
(%) 

Market value 
(%) 

Increment of remuneration 
(%) 

Market value 
(%) 

Increment of remuneration 
(%) 

Wind_DAM 1.07 0.98 0.27 0.27 0.74 0.61 
Agg_RMSE5PV 2.97 13.40 1.19 10.92 2.27 15.59 
Agg_DAM5PV 3.26 13.94 1.23 10.96 2.36 15.67 
Comb_RMSE5PV 2.97 13.40 1.23 10.96 2.37 15.71 
Comb_DAM5PV 3.74 15.63 1.43 11.38 2.46 15.79 
Agg_RMSE10PV 4.94 25.82 1.99 20.88 3.24 30.14 
Agg_DAM10PV 4.99 25.91 2.04 20.95 3.47 30.45 
Comb_RMSE10PV 4.84 25.66 2.12 21.03 3.59 30.61 
Comb_DAM10PV 5.31 26.42 2.24 21.18 3.60 30.63  
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correlation decreases there is a tendency to decrease the influence on the 
model. After, features such as Uσ0.994 PC#2, Vσ0.986 PC#2 and WPD 
PC#4 associated with the wind power variability show an increase in the 
importance score despite the low distance correlation values. 

Results show that the number of features usually associated with 
solar power forecast variability is reduced. Nevertheless, parameters 
such PBL PC#1 reflect the atmosphere dynamic in lowest levels of the 
atmosphere. As discussed Couto and Estanqueiro (2022), the PBL height 
varies during the day due to factors such as daily solar radiation cycle 
and cloud cover. T850 PC#1 is the feature with the lower importance 
score. Based on the results shown in Table 6, scenarios analysed without 
considering hybridization, temperature may not be relevant to improve 
the model performance for forecast wind power production. However, 
for solar energy, this parameter is relevant due to the efficiency of the 
panels that varies linearly with the temperature. 

The results indicate that the SFFS algorithm identifies relevant fea
tures ranked at position 147 (from the 183 available). This feature 
(WindShear) presents a distance correlation of 0.15 but it has an 
importance score close to 4%. Thus, the results suggest that features 
with low correlation can have a significant impact on the performance 
obtained with the ANN approach. 

Fig. 4 presents the temporal time series of the observed and fore
casted power. The results are presented based on the use of first 5 and 10 

of the most common meteorological features obtained through the SFFS 
algorithm, as well as all 17 meteorological features (Table 6). 

From Fig. 4 it can be observed that as the number of features used 
increases the forecasts tends to significantly reduce their errors, as can 
be seen in more detail for the all validation period in Table 8. 

6. Conclusion 

This study focused on power forecasts for utility hybrid power plants 
(HPP), which is a new area of research that presents several challenges. 
Specifically, this work analysed the benefits of hybridyzing wind and 
solar PV plants, i.e., by creating HPPs, from the accuracy of power 
forecasts and the value of the energy generated in electricity markets 
perspectives. That was accomplished by considering three case studies 
with different levels of wind and solar PV complementarity. The meth
odology applied allowed for the identification of the most relevant 
meteorological parameters in the forecast for this type of power plant 
according to two objective functions: i) minimising the root mean 
squared error (RMSE); and ii) maximising the remuneration in a market 
environment. 

Hybridization of wind power plants with solar PV capacity increases 
market value and remuneration for the three case studies analysed in 
this work. The highest increase in market value was observed in 

Fig. 3. Forecast performance against benchmark scenario: a) RMSE and b) market value.  
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scenarios with high wind and solar PV complementarity (HPP1), where 
the market value increased between 2.97% and 5.31% compared to the 
reference case that uses only the existing wind park with RMSE objective 
function. Hybridization can also contribute to reduce the forecast RMSE 
in some scenarios, especially those with low levels of additional solar PV 
capacity, compared with forecast errors for a reference case study. 

The selection of meteorological features and objective functions 
affected the results. Unusual meteorological parameters in forecast 
systems, such as wind gust, mean seal level pressure gradient, planetary 
boundary layer height and wind shear were identified as important for 
accomplishing the objective functions. Although, results from the 
feature importance show that not all have the same importance for the 
final performance of the forecast approach. The objective function of 
maximising the producer remuneration utilizes more meteorological 
parameters compared with the objective function of minimising the 
RMSE. Nevertheless, the findings emphasize the importance of properly 
selecting the meteorological features and objective functions to calibrate 
the forecast approach based on user requirements. 

Future perspectives of this work include the investigation of different 
forecast methods and their explainability and enhancing the robustness 

Table 6 
Meteorological features identified with the SFFS algorithm for the HPP1. 

Table 7 
Analysis of meteorological parameters identified with the SFFS algorithm.  

Meteorological 
parameter and PCs 
number 

PC ranking based 
on the distance 
correlation 

Distance 
correlation 
(Dimensionless) 

Feature 
importance 
score (%) 

WSσ0.986 PC#1 1 0.62 11.22 
Gust PC#1 2 0.62 12.36 
WSσ0.994 PC#1 3 0.61 8.05 
MSLPGrad PC#1 6 0.51 6.35 
WPD PC#1 7 0.48 5.15 
PBL PC#1 8 0.47 4.62 
WSσ0.986 PC#2 10 0.42 4.07 
HGTσ0.986 PC#2 11 0.41 3.06 
WSσ0.986PC#2 12 0.40 3.12 
WSσ0.994 PC#2 23 0.37 3.13 
T850 PC#1 29 0.32 1.41 
HGTσ0.986 PC#1 34 0.30 4.27 
Uσ0.994 PC#2 39 0.29 5.57 
Vσ0.986 PC#2 40 0.28 5.10 
WPD PC#4 70 0.23 5.25 
CFL PC#1 71 0.23 3.70 
WindShear 147 0.15 3.99  
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of the meteorological features identified. Artificial neural networks are 
one of the most widely used techniques in various power forecasting 
applications. However, more advanced techniques are available, so, it is 
important to ascertain if these techniques can provide better technical 
and economic performance in the forecast for HPP, bringing added value 
to the power producers and/or the overall power system. In addition, the 
robustness of the meteorological parameters identified during this work 
needs also to be analysed in more detail, especially in the operational
ization phase, and regularly evaluated to determine if they reveal, for 
example, seasonal dependence. 

In the short-term, hybridisation of existing wind power plants can 
play a relevant role in supporting the transition to nearly 100% 
renewable power systems due to the various advantages such as 
increasing the capacity factor of the power plants, which is beneficial for 
producers. Furthermore, the results of this study suggest that the inte
gration of solar PV into existing wind power plants, although increasing 
the overall renewable capacity, it maintains the forecast errors in the 
range of the values previously observed in the wind power plants, and, 
in some cases, could enable to reduce the forecast errors. 
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Glossary 

Agg: Forecast based on an aggregated time series 
ANN: Artificial neural network 
AveragePower: Average observed power 
Comb: Forecast based on combined time series 
D: Day 
DAM: Day-ahead market 
FS: Feature selection 
HPP: Hybrid power plant 
LM: Levenberg-Marquardt 
MIBEL: Iberian electricity market 
ML: Machine learning 
NRMSE: Normalized root mean square error 
NWP: Numerical weather prediction 
PC: Principal component 
PCA: Principal component analysis 
PFor: Power forecast 
PObs: Power observed 
PriceDAM: Price in day-ahead market 
PriceDOWN: Downward deviation costs 
PriceUP: Upward deviation costs 
PV: Photovoltaic 
RMSE: Root mean square error 
SFFS: Sequential forward feature selection 
vRES: Variable renewable energy sources 
WRF: Weather research and forecasting 

Nomenclature 
AveragePower: Average observed power production for each scenario 
ati: PC scores of each meteorological variable 
CapacityRatio: Peak capacity of the solar PV power plant in each case study 
ei: Eigenvectors of each meteorological variable 
PerformanceAllRelevant : Performance of the model obtained using all the feature identified 

with the SFFS 
PerformancePermuted: Performance of the model for each feature permuted 
PFor.: Forecasted power forecast for each scenario 
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PObs.: Observed power forecast for each scenario 
PriceDAM: Hourly day-ahead market price 
PriceDown: Downward hourly deviation costs 
PriceUp: Upward hourly deviation costs 
Renumeration: Market remuneration 

SolarPVCapacityRatio: Hourly observed solar PV production 
SolarPV(t): Hourly production for the solar power plant in each case study 
Tvar.: Vertical temperature variation 
Z: Meteorological variable defined by j-th grid spatial points with a temporal dependence 
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