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ABSTRACT

Accurate forecasts of renewable and nonrenewable energy output are essential for meeting global energy needs and resolving
environmental issues. Energy sources like the sun and wind are variable, making forecasting difficult. Changes in weather,
demand, and energy policy exacerbate this unpredictability. These challenges will be addressed by the bidirectional gated

recurrent unit (Bi-GRU) model, which forecasts power-generating outcomes more efficiently. The investigation is done over a

health data set from 2000 to 2023, including the energy states of the United Kingdom, Finland, Germany, and Switzerland. The

comparison of our model (Bi-GRU) performance with other popular models, including bidirectional long short-term memory
(Bi-LSTM), ensemble techniques combining convolutional neural networks (CNN) and Bi-LSTM, and CNNs, make the study
more interesting. The performance remains better with a mean absolute percentage error (MAPE) of 2.75%, root mean square
error (RMSE) of 0.0414, mean squared error (MSE) of 0.0017, and authentify that Bi-GRU performs much better than others.
This model's superior prediction accuracy significantly enhances our ability to forecast renewable and nonrenewable energy

outputs in European states, contributing to more effective energy management strategies.

1 | Introduction

The sources of energy include the sun, wind, and water, among
others, which, apart from freeing us from fossil fuels, can supply all
our current and future needs. For this reason, they are important to
success in the long run [1]. Renewable energy is used in the pro-
duction of electricity and the heating and cooling of structures.
Conversely, nonrenewable energy sources like fossil fuels, natural
gas, and coal, as shown in Figure 1, are finite in supply and have
detrimental impacts on the ecosystem due to emissions and habitat
destruction [2]. While such resources remain popularly used to
produce electricity and power transportation systems, their en-
vironmental costs illustrate why we must quickly move toward
more sustainable energy solutions.

European nations are taking aggressive steps towards meeting
their climate targets and growing energy demands, investing
heavily in renewables while managing nonrenewables carefully
for maximum energy security and reduced environmental
impact. With an ambitious target of reaching 100% carbon-
neutral generation by 2050, the United Kingdom aims to pro-
duce 43% of its electricity from renewable sources such as wind,
solar, hydropower, and bioenergy by 2020. The United Kingdom
continues its leadership in renewable energy generation, setting
new records every year since reaching 138 terawatt-hours of
zero-carbon generation in 2022. Through this change, the
United Kingdom is moving away from traditional non-
renewable energy sources like nuclear power, coal, and fossil
fuels [3]. Nuclear energy will account for more than 40% of
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FIGURE 1 | Sources of renewable and nonrenewable energies.

Finland's electricity generation in 2023; wind and hydro-
electricity will account for approximately 19% of the total.
Although nuclear energy remains the predominant energy
source, the nation has witnessed significant advances in
renewables, resulting in a significantly decarbonized electricity
industry [4]. Germany outshines government expectations
regarding renewable energy use, with an unprecedented 59.7%
of net electricity generation coming from renewable sources
such as wind power (32%), hydropower (5.9 TWh), and solar
panels producing over 59%. Germany continues to use hard coal
and lignite, yet generation has decreased by 35% and 27% as part
of their push towards reaching net zero emissions by 2050 [5].
Switzerland's low-emission electricity grid mainly relies on
nuclear energy due to hydropower accounting for around 60%
of energy output and photovoltaics rapidly expanding, both of
which contribute towards maintaining low emissions levels.
Switzerland has made impressive strides toward decoupling
energy consumption from economic development. However, its
policies must align fully with its 2030 emission reduction targets
due to its reliance on imported natural gas, nuclear power, and
oil [6].

Pollution and inflation rise with population expansion. Thus,
nonrenewable and renewable energy sources are needed to
meet electrical demand [7]. As a result, power output projection
models must be made to predict what will be needed accurately.
It will allow for cheap, long-lasting energy solutions that meet
current energy needs and protect the environment for future
generations.

Deep learning is the process of identifying complex patterns in
large data sets by using artificial neural networks. It can assist
with computer security in addition to weather prediction.
Accurate forecasting of future production and consumption is
essential for both nonrenewable and renewable energy sources
using this method. More advanced models, such as Bi-GRUs [8]
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and Bi-LSTM [9], may assist in improving prediction accuracy.
Since these technologies provide program managers and
energy-efficient project managers access to dependable data,
they may be advantageous to their efforts [10]. These models
are necessary if we want to determine what proportion of the
energy mix is derived from nonrenewable and renewable
sources. Its assistance makes both grid maintenance and the
switch to renewable energy sources less complicated.

For better energy use, deep learning helps predict how much
power will be made. This was looked into for 2 years by
Venkateswaran and Cho [11]. They used their novel hybrid
deep learning model, SSA-CNN-LSTM, to forecast solar power
in greenhouses more accurately than other models. In singular
spectrum analysis (SSA), the reconstructed time series S, is
obtained by adding the individual components C;:

St = Cl + Cz + C3 ...... Ci. (1)

Unsal et al. [12] assess Turkey's potential for renewable energy
using machine learning approaches, including light gradient
boosting machine (LightGBM), gradient boosting regression
(GBR), and random forest (RF), in conjunction with neural
networks such as artificial neural networks (ANNs), LSTM,
CNN, and hybrid CNN-LSTM models. LightGBM performs
better than the other methods in terms of accuracy. Photo-
voltaic (PV) cell voltage in mathematical modeling can be
computed using:

v ke, (IL +Ip — 1] _ I, @)
q Ip

In Cen and Lim [13], present PatchTCN-TST, a unique multitask
learning model that significantly improves accuracy over con-
ventional techniques and helps with demand-side management
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for net-zero emissions in buildings by efficiently forecasting
short-term multiload energy use. The temporal convolutional
network (TCN) block employs causal convolution, meaning that
the only mapping from the elements of time ¢ and past ¢ is what is
produced at time t. The following defines the weight normal-
ization and causal convolution operation at time t:

k-1
Gt =) = 2 g()) - xiy.
j=0 3)
Whorm = ih
vl

Motwakel et al. [14] built an MDLFM-ECP tool using LSTM,
Bi-LSTM, deep belief networks (DBN), GRU, and chaotic cat
swarm optimization (CCSO). This tool improves renewable and
nonrenewable energy prediction with a minimal MAPE
of 3.58%.

This study aims to address the significant gaps in research on
forecasts of renewable and nonrenewable power output. Spe-
cifically, it focuses on filling the gaps in the data set related to
electricity generation in European countries. Optimizing the
use of this information is essential since any mistakes in the
data might result in substantial forecast errors, which can hurt
energy sector planning and regulation. This study identifies
deficiencies in correctly predicting renewable and non-
renewable power generation. Specifically, it focuses on im-
proving the accuracy of long-term predictions and reducing
inaccuracies for strategic planning purposes. The statement
underlines the innovative approach of employing more
advanced models, such as Bi-GRU, to accurately predict future
trends until 2030.

The main contribution of this work is as follows:

« This work presents the Bi-GRU model, enhancing the
precision of predictions for renewable and nonrenewable
power generation.

« This study uses Bi-GRU layers to record relationships
between times in both directions, changes the input
dimensions on the fly for different datasets, scales each
country's data separately with MinMaxScaler, and has a
flexible, scalable design that makes it easy to combine dif-
ferent and larger datasets.

« In this study, an updated data set is used until 2023 for the
total electricity generation from renewable and non-
renewable sources in European countries. It aims to
improve the precision of long-term forecasts for renewable
and nonrenewable electricity and reduce prediction errors,
thereby reducing the likelihood of mistakes in planning.

« This study contributes by forecasting total renewable and
nonrenewable electricity generation until 2030.

The subsequent section of the article will be structured as fol-
lows: Section 2 contains a literature review. Section 3 covers
several aspects, including materials, data set splitting, data
processing, the suggested model (Bi-GRU), experimental
design, and assessment measures. Section 4 includes a model

comparison and an evaluation of past research in the context of
the results and comments. Section 5 of the report contains the
conclusion and a future strategy.

2 | Literature Review

The use of deep learning algorithms has revolutionized energy
forecasting, enhancing the prediction capabilities for both
renewable and nonrenewable power generation. Models like
CNNs and recurrent neural networks (RNNs) are particularly
effective in medium-term forecasting, demand response, error
detection, and identifying hidden patterns in energy production.
These capabilities allow for improved reliability, better resource
allocation, and more accurate forecasts [10, 15]. Although these
advantages exist, the larger issues in long-term energy planning
are not always well addressed by the models currently in use,
particularly when it comes to integrating intermittent and
continuous energy sources.

European nations have placed great emphasis on renewable
energy sources in an effort to become less dependent on fossil
fuels. This push has underscored the importance of advanced
forecasting models. However, many current models, while
effective for specific types of energy or short-term predictions, fail
to comprehensively integrate both renewable and nonrenewable
energy outputs for long-term predictions. For instance, Al-Ali
et al. demonstrated the effectiveness of hybrid CNN-LSTM-
Transformers in forecasting solar energy production, showing
superior accuracy compared to traditional methods. Still, their
focus remains limited to a single energy source [16]. Similarly,
Alrasheedi et al. improved short-term load predictions on Saudi
smart grids using hybrid deep learning models, but the study
only focuses on short-term forecasting [17].

Efforts to integrate multiple energy sources for forecasting have
seen some advancements. Anu Shalini et al. [18] combined solar
and wind energy sources using a CNN-based Bi-LSTM model to
forecast energy production. While promising, this approach is
restricted to specific applications and lacks generalization across
broader datasets. Mystakidis et al. applied machine learning
techniques to improve renewable power output forecasting and
help distribution system operators manage demand response
[19]. Yet, the study does not address the complexities of fore-
casting when both renewable and nonrenewable sources are
involved. Nikulins et al. integrated solar and wind power with
hydrogen production using artificial intelligence-powered fra-
meworks. However, their approach focuses narrowly on niche
applications, limiting its utility for broader energy forecasting
[20]. Kumar et al. [21] achieve a mean squared error of only 1.36,
representing a significant improvement in renewable energy es-
timation accuracy through fully linked and convolutional neural
networks. However, their approach primarily focuses on short-
term forecasting in microgrids, which may limit its applicability
to long-term energy management strategies. Similarly, a novel
technique, PVMD-ESMA-DELM, employs deep extreme learning
machine modeling with an enhanced slime mold algorithm and
particle swarm optimization to optimize renewable power output
projections [22]. While this technique shows promise, its com-
plexity may hinder implementation in real-time forecasting
applications.
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Pasandideh et al. [23] analyze wind power data and population
diversity, providing a feasible path forward for renewable en-
ergy forecasting. However, the study's exclusive focus on wind
energy limits its broader applicability by ignoring the intricate
structure of energy production. SSA-CNN-LSTM, a hybrid
deep learning model developed by Venkateswaran and Cho,
leverages spatial and temporal correlations to reliably antici-
pate solar power output in greenhouses [11]. However,
because their method was created specifically for greenhouse
conditions, it may only work in some settings or with other
types of energy.

Accurate hourly green power production forecasting is critical
in urban settings. Bi-LSTM models with min-max normaliza-
tion provide a minimum MAPE of 7.7256%, as shown by
Wibawa et al. [24]. However, the reliance on normalization
techniques may overlook important temporal dynamics in
energy consumption patterns. Marques et al. [25] point out
that deep learning methods are becoming increasingly popular
in solar energy forecasting. They demonstrate that LSTM-GRU
is a good strategy for developing sustainable energy in the
Amazon Basin. However, since their study is restricted to
certain geographic settings, it could not adequately represent
the difficulties associated with energy forecasting in numerous
regions.

Even while this research shows the promise of several deep
learning models, there are still a lot of holes and restrictions.
Many of the models that are now in use ignore the difficulties of
combining many energy types and long-term forecasts in favor
of concentrating just on certain renewable energy sources or
short-term forecasting. Abubakar et al. [26], for instance, use
LSTM to improve the accuracy of solar power production in
smart grids, obtaining a remarkable 97%. Their results, how-
ever, could not adequately represent the complex inter-
relationships between different renewable and nonrenewable
sources, which would restrict their use for thorough energy
forecasting. In a similar vein, Unsal et al. [12] determine that
LightGBM is the most accurate model for predicting renewable
energy in Turkey; however, their research needs to account for
a wider variety of energy outputs or tackle the particular diffi-
culties associated with predicting across borders. Akhter et al.
[27] boost renewable energy production by employing an RNN-
LSTM model to estimate hour-ahead PV power and optimize
output prediction for multiple PV plant technologies. Since it
largely relies on short-term estimates, their study may have
missed long-term energy production trends. This narrow focus
limits the model's energy planning potential.

The Bi-GRU model presents a possible remedy for the above
problems. The Bi-GRU model is distinct in that it takes both
directions of the data into account. As a result, it can compre-
hend the complex temporal relationships necessary for trust-
worthy forecasts in the far future. Due to its bidirectional
processing capabilities, the model is an ideal tool for several
European nations attempting to integrate renewable and non-
renewable energy sources. It excels at deciphering hierarchical
links seen in long-term datasets. By enhancing prediction
accuracy and decreasing error rates until 2030, this study will
aid strategic energy planning efforts by using the Bi-GRU
model. Table 1's contents are significant.

3 | Materials and Methods

This section describes how we collected and processed the data
for our study. It also provides the working and design of the
proposed model (Bi-GRU). The following research flow pro-
vides a detailed summary of the methodologies used in our
investigation, as seen in Figure 2.

3.1 | Data Set

Our data set illustrates the evolution of renewable and non-
renewable energy sources from 2000 to 2023 in four European
countries—the United Kingdom, Finland, Germany, and
Switzerland. A comprehensive analysis spanning these nations
allows for an in-depth study encompassing diverse geographic
regions, energy landscapes, and policy approaches providing
deep insight into renewable and nonrenewable energy dynam-
ics. It compares total renewable electricity production (TREP)
and total nonrenewable electricity production (TNREP) across
four European nations in a comparative manner. This statistic
breaks down renewable energy production into four categories:
bioenergy, solar energy, hydropower, and other renewable and
nonrenewable energy sources: nuclear power, fossil fuels, and
other nonrenewable resources, all expressed as gigawatt-hours
(GWh). The data set from 2000 to 2021, obtained initially from a
source [28], and from 2022 to 2023, obtained from [29], details
both total renewable energy production figures and total non-
renewable energy production numbers, as reported in Table 2.
It illustrates each nation's contribution to producing renewable
and nonrenewable electricity within Europe. These countries
were chosen due to their diverse geographic locations, energy
policies, and significant contributions to Europe's renewable
and nonrenewable energy sectors, which provided us with an
in-depth view of energy transition and sustainability efforts
across Europe. They were chosen to shed light on trends and
patterns within Europe's energy output.

3.1.1 | Data Preprocessing

At our start-ups, we meticulously handle a substantial amount
of data. Our deep learning and data science engineers perform
the crucial task of ensuring the usability of datasets for model
training. Our knowledge of biogas, solar energy, hydropower,
and other forms of renewable energy must be accurate and
dependable. It stands in opposition to data about fossil fuels,
nuclear power, and other forms of nonrenewable energy.
Identifying and resolving data inaccuracies, missing statistics,
and other issues in these critical energy domains requires a
comprehensive examination. Before training, data originating
from various energy sources, such as electricity, solar energy,
biofuel, and others in gigawatt-hours, must undergo thorough
cleansing. Cleaning up the data is essential for making sure that
comparisons of the overall amount of green and nonrenewable
energy are correct. It gives a strong foundation for training
models and produces valuable results.

After cleaning a data set, column numbers must be consistent
across rows. Equation (4) shows that min-max normalization
achieves this goal. Limiting the data to 0-1 reduces the
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TABLE 1 | An overview of related literature.

[Reference],
Year Methodology Country Accuracy/error Cons
[12], 2024 LightGBM Turkey RMSE: 1.7479, MAE: 1.1072 The sole emphasis is on
renewable energy.
[16], 2023 CNN-LSTM- Finland RMSE: 0.344, MAE: 0.393 The exclusive attention is on
Transformer only solar energy.
[17], 2022 CNN-GRU, Saudi Arabia RMSE: 77.4877 (Jeddah)RMSE: The sole emphasis is on
CNN-RNN 20.7501 (Madinah) renewable energy.
[18], 2023 CNN based India MSE: 0.0884, MAE: 0.0219, The exclusive attention is on
BILSTM R% 0.9931256 (solar power)MSE: renewable energy.
2.1432, MAE: 1.0125, R*: 0.9920
(wind power)
[19], 2023 Ensemble Cyprus RMSE: 1.9993, MAE: 0.8306, The sole emphasis is on
Approach MSE: 3.9972, R* 0.8913 renewable energy.
[20], 2024 FCN, CNN Latvia MSE: 1.77 (FCN)MSE: The primary focus is on solar
1.36 (CNN) and wind power.
[21], 2021 LSTM-RNN — RMSE: 4.45 (solar power) RMSE: The primary focus is on solar
0.17 (wind power) and wind power.
[22], 2022 PVMD- China MAE: 0.9709, MAPE: The exclusive focus is on
ESMA-DELM 0.0272RMSE: 1.4188, R% 0.9713 wind power.
[23], 2024 LSTM — RMSE: 0.47. The only focus is steam energy.
[11], 2024 SSA-CNN-LSTM South Korea MAE: 0.1202 (1 h ahead), 0.1400 The focus is solely on solar
(2h ahead), 0.1774 (day ahead) energy.
[24], 2024 Bi-LSTM — MAPE: 7.7256%, RMSE: 0.12346, The sole emphasis is on
R* 0.6151 renewable energy.
[25], 2024 MLPLSTM2LST- Brazil MLPMAE: 0.61, MAPE: 19.5, All attention is focused on
M-GRU RMSE: 1.05LSTM2MAE: 0.81, solar energy.
MAPE: 22.77, RMSE: 1.05LSTM-
GRUMAE: 0.89, MAPE: 19.2,
RMSE: 0.75
[26], 2024 RNN, — LSTMRMSE: 65.892, MAE: The focus is solely on solar
LSTM, GRU 41.0046 energy.
[27], 2022 RNN-LSTM Malaysia RMSE: 26.85, 19.78, 39.2, R*: The spotlight is on

0.995, 0.9943, 0.996

photovoltaic PV.

FIGURE 2 |

Research flow.

Testing Set
(12.5%)

Traning Set
(0]

Validating
Set
(12.5%)

—
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influence of any one component on the outcome [30]. Out-
comes ensure that all features contribute equally to model
learning. Standardized feature columns including “bioenergy,”
“solar energy,” “hydropower,” “other renewable energy,* “fossil
fuels,” “nuclear,” and “other nonrenewable energy” assure size
and distribution consistency during normalization. A detailed
energy source comparison and analysis are performed at this
level. The goal columns “total renewable energy” and “total
nonrenewable energy” in GWh are handled equally to enhance
model training and prediction accuracy. Table 3 shows the data
set's normalized data.

S_Smin

§ = D omn
Smax - Smin

: “4)

S is the set of values; S’ is the normalized value of S, and S«
and S, are the maximum and minimum values in S,
respectively.

3.1.2 | Data Splitting

Splitting the data is essential for training and testing deep
learning models. It is essential to keep the models from over-
fitting and to ensure they can be used in many situations [31].
Our study used data from four European countries: the United
Kingdom, Finland, Germany, and Switzerland. The data from
four European countries is split individually into training, val-
idation, and testing. Records from 2000 to 2017 comprise the
training data set, comprising roughly 75% of the total data,
providing an essential background for training a model. A val-
idation data set with data from 2018 to 2020, comprising 12.5%,
serves to adjust parameters to avoid overfitting; testing records
consisting of power generation from 2021 to 2023 also account
for 12.5%; this allows us to assess model functionality against
fresh, untested data sets (Figure 3 illustrates this method).

3.2 | Proposed Methodology

Deep learning models exist that can enhance prediction accu-
racy. Our study explores the problem with a Bi-GRU. This
innovative method increases the precision of our predictions and
is also proposed as part of this composite model. The novelty of
this approach is that it leverages bidirectional GRU layers to find
relationships in the future and backwards in time, which helps
predict sequences by better understanding the context. It changes
the input measurements on the fly to fit the predicted 3D shape
for GRU layers, ensuring it works with a wide range of datasets.
Using MinMaxScaler, the data from each country is scaled sep-
arately. It normalizes features and goals to make the training
process better. The flexible and scalable design makes it easy to
add support for bigger and more varied datasets. It can also
handle datasets from multiple countries without any problems.

3.21 | Bi-GRU Neural Network Model

GRUs are a refined modification of the LSTM network that
effectively and directly captures sequential or temporal

information. GRUs employ two gates, the update gate and the
reset gate, which operate using a distinct process compared to
LSTM. For example, the update gate of the GRU combines the
forget and input gates of the LSTM, but the reset gate remains
unchanged. Like an LSTM network, a GRU model alters the
information within its units, but it does not need separate
memory cells, as seen in Figure 4.

Assume that y,, v, 1;, fzt, h;_, and h, represent, in that order, the
current input, update gate, reset gate, candidate hidden state of
the presently hidden node, hidden state at the prior instant, and
current hidden state [8]. The update gate, v;, may be expressed
as follows: It establishes how much information from h;_; will
pass along to the future and formulates it as:

v = 0(Wy 3 + Unh_y). (5

The W,, and U,, weights, found during algorithm training, are
multiplied by yt and h,_; in this case. The values of the two
findings, which range from 0 to 1, are calculated by adding
them together and running them through a sigmoid function.
When the value is 0, the data remains in its current concealed
state; otherwise, it forgets it. The reset gate, or r;, determines the
amount of historical data to discard and expresses it as follows:

=0 Wy + Unhi—y). (6)

Except for the weights and the gates, Equations (5) and (6) are
the same for the update gate. The reset gate is used by the
candidate hidden state of the presently hidden node, flt, to
preserve pertinent historical data using:

h, = tanh Wiy ¥, + 1 © Upphy—y). @)

Here, ); and h;_, are multiplied by their W}, and Uy, weights to
get the Hadamard product (®), that is, the element-wise mul-
tiplication between » and Uy, h;—;. To get ﬁ,, the output of these
two stages is added together and run through a nonlinear
activation function (tanh function). The last phase is to com-
pute the hidden state that is now in place, h;, by using:

h=101-v)0O ]:lt + v © hi_q. ®)

Equation (8) computes the Hadamard products (element-wise
multiplications) between (1 — v;) and ﬁt and v; and h;_,. Their
incapacity negatively impacts the accuracy improvement of
unidirectional GRUs in concurrently analyzing historical and
prospective data. The study used a Bi-GRU framework to
achieve its goals; Figure 5 depicts a Bi-GRU model.

N —
First, a forward GRU, GRU, and a backward GRU, GRU
simultaneously receive the input data sequence. At that
moment, it will obtain the hidden state by concatenating the
hidden states ﬁt and fz_t , Which the forward and backward GRU
generate at time ¢, respectively. This will yield the hidden state
at that instant using Equation (9):

h, = concatenate (h;, hy), 9
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FIGURE 4 | Architecture of a GRU cell.

where ﬁt = Gl_iU(h,_l,yt) and. H_t = GﬁU(h,H,yt).

3.2.2 | Experimental Setup

A sequential neural network model is created in the present ex-
periment to forecast the combined power generation from renew-
able and nonrenewable sources, measured in gigawatt-hours, in
four European countries: the United Kingdom, Finland, Germany,
and Switzerland. The model was specifically developed to analyze
time-series data of different power sources and predict the
overall electricity generation, divided into renewable and non-
renewable classifications. The neural network design comprises two
bidirectional GRU layers, followed by two dense layers. To capture
temporal relationships in both the forward and backward directions
of the input sequence, the first 64-unit bidirectional GRU layer
returns sequences. The training feature data set determines this

Validation
United Kingdom

Training

Validation

Training

Validation
and

Finl

Validation

Germany

layer's input form, time steps, and features. The next 64-unit
bidirectional GRU layer bridges the more compact, fully connected
layers and does not produce sequences.

After each repetition layer is added, a dense layer composed of
50 neurons is activated with rectified linear unit (ReLU). The
nonlinearity allows the model to comprehend complex patterns
in its input data more quickly. The final layer consists of a dense
layer with a neuron count equal to the train target data set,
representing the model's output for predicting total renewable
and nonrenewable power production. This model is trained
using the Adam optimizer and MSE loss function to minimize
differences between anticipated and actual energy production
values. This step completes 100 iterations of feeding the data set
into a neural network to adjust and optimize model weights
iteratively. Estimating total renewable energy uses input fea-
tures like bioenergy, solar energy, hydropower generation, and
other forms of renewable energy. At the same time, non-
renewable sources include fossil fuels, nuclear power, and
nonrenewable forms of energy, such as other nonrenewable
forms like oil and fossil energy production. These character-
istics include all energy sources in each category, giving the
model access to an extensive set of learning inputs. The model
seeks to estimate renewable and nonrenewable energy output in
gigawatt-hours for European nations, as indicated in Table 4.

3.3 | Evaluation Metrics

To assess the effectiveness of our method, we employed many
assessment measures, including MAE, MSE, RMSE, and MAPE.
The numbers in question are determined by Equations (10-13).
The MAE quantifies the extent of the disparity between the
observed and estimated values. The RMSE metric quantifies the
extent of disparity between the observed and predicted values.
The MSE quantifies the squared differences between observed
and anticipated values. The MAPE quantifies the average
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FIGURE 5 | Bi-GRU model.

TABLE 4 | Experimental setup of Bi-GRU model.

Component Description
Model type Sequential neural network
Layers 1. Bidirectional GRU (64 units)
2. Bidirectional GRU (64 units)
3. Dense (50 neurons, ReLU activation)
4. Dense (output layer, linear activation
for regression)
Optimizer Adam
Loss function MSE
Epochs 100

percentage difference between the observed and predicted
values [32, 33].

m 2
MSE = M’ (10)
p
m
MAE = 2=t —dl (11)
p
m 2
RMSE = | =10 =) (12)
p
m
MAPE = - 3" Y= dil 00, (13)
pi=1 Vi

where v, is the actual power, d; is the predicted power, and p is
the number of values.

4 | Results and Discussion

Deep learning models are modeled and trained using Python
and Keras tools. In contrast, training, validation, and testing

steps occur through Google Colab [34], an environment offering
robust graphic processing unit (GPU) support. Below are the
main insights gained from this model:

1. We examined data from the renewable and nonrenewable
electricity production database, which includes the United
Kingdom, Finland, Germany, and Switzerland. We evaluated
the Bi-GRU model's predictive and enhancing capabilities for
renewable and nonrenewable power-generating methods.

2. The Bi-GRU model was directly compared to three
other models: Bi-LSTM, CNN, and an ensemble model
comprising both Bi-LSTM and CNN.

3. We conducted an ablation study on the European
countries' data set.

4. We used the results of earlier studies to compare the
Bi-GRU model's performance.

4.1 | Bi-GRU Model Performance on Datasets of
Four European Countries

This section examines how well the Bi-GRU model predicts
energy production in the United Kingdom, Finland, Germany,
and Switzerland. Specifically, we check the model's predictions
by comparing the power output from green and nonrenewable
sources. The Bi-GRU model can accurately show energy
production’s complex time trends.

4.1.1 | Bi-GRU Model Performance on Data Set of
United Kingdom

Using the United Kingdom data set and 100 iterations, Figure 6
displays the Bi-GRU model's training and validation losses as
MSEs. It is a good match when validation loss decreases sig-
nificantly before stabilizing, but training loss decreases signifi-
cantly. After that, both losses decrease, but training losses are
always less than validation losses. It means that learning is
going well and could be better.
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FIGURE 6 | Bi-GRU model's training and validation losses on the UK data set.

Table 5 shows how well a Bi-GRU model performed when
tested on a UK data set. Three categories of error metrics are
presented: The average squared prediction errors are repre-
sented by the MSE, which is 0.0064. The average absolute
prediction errors are shown by the MAE, which is 0.034. The
square root of the average squared errors is the RMSE, which is
0.0797. Additionally, the MAPE is 3.79%, which measures the
average percentage error.

Table 6 presents forecasts for the United Kingdom's TREP and
TNREP in normalized GWh from 2024 to 2030 using a Bi-GRU
model. The normalized TREP starts at 0.621 in 2024 and shows
a fluctuating decrease. In contrast, TNREP begins at 0.4 and
exhibits a more significant drop by 2030, ending at 0.21.

Figure 7 shows a time series graph of the United Kingdom's TREP
in normalized GWh from 2000 to 2030. TREP in the United
Kingdom steadily increased from negligible levels in 2000 to a peak
in 2019, followed by a slight dip in 2020. From 2021 to 2023, pro-
duction experienced a notable fluctuation, reaching a peak in 2022.
Predicted values from 2024 to 2030 show a gradual decline in
production, suggesting a potential stabilization or even reduction in
renewable energy output over the forecasted period.

Figure 8 illustrates the TNREP in the United Kingdom from 2000 to
2023, showcasing a gradual decline from 0.9032 to 0.4706 GWh,
with a normalized decrease trend. The forecast anticipates TNREP
fluctuations, peaking at 0.786 before declining to 0.21 by 2030. This
trajectory suggests a notable transition from nonrenewable energy
sources over the next 7 years.

4.1.2 | Bi-GRU Model Performance on Data Set of
Finland

Figure 9 illustrates quick initial loss reductions for a Bi-GRU
model using the Finland data set through a graph of MSE los-
ses. The validation loss flattens out after a little bounce, but the
training loss soon stabilizes, suggesting that the model learns
well with some variation in generalization. Both losses stay
steady and modest after around 20 epochs, indicating a well-
fitted model.

TABLE 5 | Performance of Bi-GRU model on the UK testing set.

Error description Error value

MSE 0.0064
MAE 0.034
RMSE 0.0797
MAPE (%) 3.79

TABLE 6 | Forecasting TREP and TNREP using the Bi-GRU model
on the UK testing set.

Normalized TNREP
in the United

Normalized TREP
in the United

Year Kingdom Kingdom
2024 0.621 0.4
2025 0.777 0.354
2026 0.735 0.596
2027 0.728 0.304
2028 0.641 0.588
2029 0.59 0.572
2030 0.547 0.21

As can be seen from the low error rates in Table 7, the
Bi-GRU model demonstrates strong predictive abilities on the
Finland test set: an MSE of 0.0105 indicates high model
accuracy, an MAE of 0.0475 indicates the model's average
absolute deviation from the actual values is minimal, RMSE
of 0.1023 indicates good predictive performance with rea-
sonably low squared errors, and MAPE is 3.17%, which
measures the average percentage error. Together, these
measures indicate the model's resilience in producing accu-
rate predictions.

Starting in 2024, Table 8 reveals a normalized TREP in Finland
of 0.658 GWh and a normalized TNREP of 0.078 GWh. Over
subsequent years, renewable energy production declined,

129 of 451

:sdny) suonipuo)) pue sud | 91 23S *[$707/50/97] U0 A1e1qi duruQ AS[IA ‘P SUONEDIIN [BIIPIJA WIdPON( Aq [861°€359/7001 0 /10p/W0d" K3[1M" AIRIqI[SUI[UO"S[eUINof1ds//:sdNy Wiy papeo[umo( ‘T ‘SZ0Z ‘S0S00S0T

10)/W0" K[ IM”

9-pue-;

59O SUOWWO)) 2N a[quat|dde oy Aq POUIGAGS AIE SO[OILIE V() (98N JO o[ 10j AIBIQIT SUIUQ AS[IAL UO (SUOHIP



1
=
G os
o . Pee
£ 06 ¢ ®e.
e ®
=
S 04
I
g 02
5
z

0

2000 2005 2010 2015 2020 2025 2030

Year
——@— Total Renewable Electricity Production in UK (GWh)  ----@--- Forecasting
FIGURE 7 | Prediction of TREP in normalized form using the Bi-GRU model on the UK testing set.

1
=
=
©os
~
=)
{=
= 06 Q o9
w s . .
< R
= K WA
go2 °
5
=2

0

2000 2005 2010 2015 2020 2025 2030

Year
Total Non-Renewable Electricity Production in UK (GWh) ----@--- Forecasting

FIGURE 8 | Prediction of TNREP in normalized form using the Bi-GRU model on the UK testing set.
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FIGURE 9 | Bi-GRU model's training and validation losses on the Finland Data set.

TABLE 7 | Performance of Bi-GRU model on the Finland testing set.

reaching 0.373 GWh by 2030. Meanwhile, TNREP fluctuates,
peaking at 0.722 GWh in 2026, then declining to 0.065 GWh by

Error description Error value 2029, before rising again to 0.429 GWh in 2030.
MSE 0.0105 . _ ) o
Figure 10 illustrates Finland's historical and forecasted TREP,
MAE 0.0475 measured in normalized GWh. From 2000 to 2023, the pro-
RMSE 0.1023 duction steadily increased, reaching 1 GWh in 2023. However,
MAPE (%) 3.17 projections indicate a slight decline from 2024 to 2030, with
values ranging from 0.658 to 0.373 normalized GWh.
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Figure 11 shows Finland's TNREP trend from 2000 to 2030 in
normalized GWh. The data from 2000 to 2023 show a transition
from nonrenewable sources, with a gradual reduction from
0.0415 to 0.2976. The projection from 2024 to 2030 shows
unexpected volatility, with values peaking at 0.772 in 2027,
falling to 0.065 in 2029, and then increasing to 0.429 by 2030.

4.1.3 | Bi-GRU Model Performance on Data Set of
Germany

Figure 12 shows the Bi-GRU model's training and validation
loss (MSE) during 100 epochs on the Germany data set. The
training loss is considerable initially but quickly drops, sug-
gesting quick learning. The validation loss falls below the
training loss at about the 20-epoch point, indicating successful
generalization. The model is then shown to be well-tuned and
not overfitting by the plateauing of both losses, with the vali-
dation loss being somewhat more significant.

Table 9 presents the Bi-GRU model's performance on the Ger-
many testing set with shallow error values, indicating high
prediction accuracy. At 0.0017, the MSE indicates that, on
average, the model's predictions closely match the actual data.
The model's average absolute deviation is reflected in the MAE
at 0.0275, which is low and suggests consistency in perform-
ance. The model's RMSE of 0.0414 and MAPE of 5.87% indicate

TABLE 8 | Forecasting TREP and TNREP using the Bi-GRU model
on the Finland testing set.

Normalized TREP Normalized TNREP

Year Finland Finland
2024 0.658 0.078
2025 0.442 0.515
2026 0.292 0.722
2027 0.401 0.772
2028 0.668 0.086
2029 0.473 0.065
2030 0.373 0.429
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that it manages more fantastic mistakes well, guaranteeing
dependability across various conditions.

Table 10 shows the normalized output of TREP and TNREP in
Germany between 2024 and 2030. The data displays a hetero-
geneous trend in renewable energy generation, with a note-
worthy peak in 2025 (0.674 GWh) and a substantial decline in
2027 (0.209 GWh). There is a peak for nonrenewable energy in
2026 (0.835 GWh), a decline in 2029 (0.405 GWh), and a sub-
sequent increase in 2030 (0.761 GWh).

Figure 13 shows the trend of Germany's total renewable power
output from 2000 to 2030. Data from 2022 to 2030 is anticipated,
and data from 2000 to 2021 is actual. The graph shows that
production increased steadily between 2000 and 2023, when it
peaked. After that, there was a significant drop, and the num-
bers projected for 2024 to 2030 exhibit variations but do not
return to the peak of 2023.

Figure 14 illustrates Germany's TNREP from 2000 to 2030, with
actual data from 2000 to 2023 and predicted values from 2024 to
2030. Over the observed years, there was a fluctuating trend,
with a decline from 2009 to 2020 followed by a peak in 2022.
The forecasted values from 2024 to 2030 suggest a gradual rise,
peaking around 2026 before stabilizing at relatively higher
levels compared to the preceding years.

41.4 | Bi-GRU Model Performance on Data Set of
Switzerland

The training and validation loss (MSE) of the Bi-GRU model during
100 epochs on the Switzerland data set is displayed in Figure 15.
The model learns from the data quickly based on the substantial
drop in training loss seen during the first 20 epochs. The training
and validation loss curves level off and run almost parallel after this
first dip, indicating a steady convergence. Given that there is no
discernible difference between the training and validation losses, the
two lines’ closeness after the training phase suggests that the model
generalizes effectively and is not overfitting.

Table 11 presents the Bi-GRU model's performance on the
Switzerland testing set, where low error values indicate a

2015 2020 2025 2030
Year

—@— Total Renewable Electricity Production in Finland (GWh) ----@--+ Forecasting

FIGURE 10 | Prediction of TREP in normalized form using the Bi-GRU model on the Finland testing set.
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FIGURE 12 | Bi-GRU model's training and validation losses on the Germany data set.

TABLE 9 | Performance of Bi-GRU model on the Germany
testing set.

Error description Error value

MSE 0.0017
MAE 0.0275
RMSE 0.0414
MAPE (%) 5.87

TABLE 10 | Forecasting TREP and TNREP using the Bi-GRU
model on the Germany testing set.

Normalized TREP in Normalized TNREP

well-fitting model. The model's accuracy is shown by MSE of
0.0026, while its predictability is indicated by an MAE of 0.0364.
The model's ability to control the size of prediction mistakes is
indicated by the RMSE of 0.0512, indicating its resilience in
real-world settings. Additionally, the MAPE is 2.45%, which
measures the average percentage error.

In Table 12, Switzerland's normalized TREP demonstrates varying
trends from 2024 to 2030. It starts at 0.577 GWh in 2024, increases
to 0.919 GWh in 2026, dips to 0.235 GWh in 2027, reaches a peak of
0.976 GWh in 2029, and stabilizes at 0.722 GWh in 2030.

Meanwhile, normalized TNREP exhibits fluctuations, starting
at 0.39 GWh in 2024, dropping to 0.16 GWh in 2026, rising
sharply to 0.864 GWh in 2027, declining slightly to 0.517 GWh
in 2028, and then climbing to 0.787 GWh in 2030.

Normalized in GWh, Figure 16 shows the trend of Switzerland's
total renewable power output from 2000 to 2030. The data
reveals a steady increase from negligible amounts in the early
2000s to a significant surge by 2022. From 2024 to 2030, the
predicted values suggest fluctuations, with a peak in 2026 fol-
lowed by a decline. These values are essential for understanding
Germany's energy landscape and forecasting future trends in
nonrenewable electricity generation.

Year Germany (GWh) in Germany
2024 0.393 0.56
2025 0.674 0.503
2026 0.503 0.835
2027 0.209 0.745
2028 0.476 0.76
2029 0.636 0.405
2030 0.455 0.761
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FIGURE 13 | Prediction of TREP in normalized form using the Bi-GRU model on the Germany testing set.

1
0.9
0.8
0.7
0.6 N
0.5 ® ¥
0.4 @
0.3
0.2
0.1

0

2000 2005 2010 2015 2020 2025 2030

Year
——@- Total Non-Renewable Electricity Production in Germany (GWh) «---@--- Forecasting

Normalized TNREP in Germany (GWh)

FIGURE 14 | Prediction of TNREP in normalized form using the Bi-GRU model on the Germany testing set.
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FIGURE 15 | Bi-GRU model's training and validation losses on the Switzerland data set.

Figure 17, normalized in GWh, shows the trend in Switzerland's 4.2 | Comparison of Deep Learning Models

total nonrenewable power output from 2000 to 2030. Actual  Performance on the Datasets of United Kingdom,
values range from 0.165 GWh in 2017 to 1 GWh in 2006, fluc-  Finland, Germany, and Switzerland

tuating over the years. Forecasted values show a decreasing

trend from 2024 to 2026, followed by a slight increase and  Three models are highlighted in Table 13 performance com-
stabilization toward 2030, with projections ranging from parison of deep learning models on testing sets from the United
0.16 GWh in 2026 to 0.864 GWh in 2027. Kingdom, Finland, Germany, and Switzerland: Bi-LSTM, CNN
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TABLE 11
testing set.

Performance of Bi-GRU model on the Switzerland

Error description

Error value

MSE 0.0026
MAE 0.0364
RMSE 0.0512
MAPE (%) 245
TABLE 12 | Forecasting TREP and TNREP using the Bi-GRU

model on the Switzerland testing set.

Normalized TREP

Normalized TNREP

[35], and an ensemble approach (Bi-LSTM and CNN). Per-
formance metrics include MSE, MAE, and RMSE. The Bi-GRU
model indicates that the United Kingdom's MSE, MAE, RMSE,
and MAPE are, respectively, 0.0064, 0.034, 0.0797, and 3.79%.
The performance parameters of the Bi-GRU in Finland are
RMSE: 0.0414, MAE: 0.0275, MSE: 0.0017, and MAPE: 3.17%.
Germany's Bi-GRU scores are RMSE: 0.1023, MAE: 0.0475,
MSE: 0.0105, and MAPE: 5.87%. Finally, the Bi-GRU model
yields the following results for Switzerland: RMSE =0.0512,
MAE = 0.0364, MSE = 0.0026, and MAPE = 2.45%. Finland and
Switzerland often have the lowest error rates according to the
Bi-GRU model, whereas the Ensemble model best serves the
United Kingdom. Errors are often more significant for Germany
in all models.

Year in Switzerland in Switzerland
Figure 18 demonstrates that, among the four European nations
2024 0.577 0.39 examined, the Bi-GRU model performed better in terms of
2025 0.668 0.438 MSE, MAE, RMSE, and MAPE than other deep learning mod-
2026 0.919 0.16 els. It has the lowest error metrics among the United Kingdom,
Finland, Germany, and Switzerland, suggesting higher predic-
2027 0.235 0.864 . - .
tion accuracy. According to Figure, ensemble approaches and
2028 0.281 0.517 CNN models lag behind the Bi-LSTM model, which is typically
2029 0.976 0.523 the second most accurate model. When comparing the models
2030 0722 0.787 of t'he United Kingdom and Germany with those of F.1nland and
Switzerland, the figure shows that the former obtained lower
z ! 4
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FIGURE 16 | Prediction of TREP in normalized form using the Bi-GRU model on the Switzerland testing set.
1
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FIGURE 17 | Prediction of TNREP in normalized form using the Bi-GRU model on the Switzerland testing set.
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TABLE 13 | Performance comparison of deep learning models on the testing sets of four European countries.
Country Model MSE MAE RMSE MAPE (%)
UK Bi-LSTM 0.0081 0.042 0.0902 543
CNN 0.0101 0.0562 0.1003 7.70
Ensemble 0.0079 0.0466 0.0886 5.12
Bi-GRU 0.0064 0.034 0.0797 3.79
Finland Bi-LSTM 0.0021 0.0365 0.0462 6.28
CNN 0.0059 0.0493 0.0768 4.90
Ensemble 0.0056 0.0536 0.0747 4.78
Bi-GRU 0.0017 0.0275 0.0414 3.17
Germany Bi-LSTM 0.012 0.0604 0.1096 7.37
CNN 0.0135 0.0611 0.1162 8.55
Ensemble 0.012 0.0615 0.1097 7.35
Bi-GRU 0.0105 0.0475 0.1023 5.87
Switzerland Bi-LSTM 0.0075 0.059 0.0866 6.05
CNN 0.0154 0.0905 0.124 8.49
Ensemble 0.0077 0.0616 0.0877 7.23
Bi-GRU 0.0026 0.0364 0.0512 2.45
oo Mean Squared Error (MSE) by Model and Country Mean Absolute Error (MAE) by Model and Country
Country Country
= Fiana 008 = Fans

= Germany
0.012
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Root Mean Squared Error (RMSE) by Model and Country Mean Absolute Percentage Error (MAPE) by Model and Country
A, D, Country
0.12 . // «:\.\ ® WK
s ® Finland
Ol s & Germany
7 A Switzerland
0.10
w ge
v w
Z 0.08 5
RS =====s-_
0.06 o Country SN &
7 ® UK N . R
7 m Finland Se A 5 e
v & Germany \\ ° ’
0.04 A Switzerland ] A
Bi-LSTM CNN Ensemble Bi-GRU Bi-LSTM CNN Ensemble Bi-GRU
Model Model
FIGURE 18 | Performance comparison of forecasting models on testing sets of four European countries.

error rates across all criteria. The graph also indicates that en-
semble approaches often outperform CNN models and fall short
of Bi-LSTM or Bi-GRU models in certain situations.

RMSE is generally higher compared to other error metrics
like MAE or MSE because RMSE places greater emphasis on

larger errors. RMSE is better at detecting larger outliers
since it squares the differences between the actual and
predicted values. Since MAE and MSE do not penalize big
mistakes to the same degree, a bigger RMSE is normally the
outcome of the model sometimes making larger errors,
regardless of how infrequent they may be. Data complexity
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and the applicability of the model should dictate the RMSE
criteria for power generation forecasting. Results for the
United Kingdom, Finland, Germany, and Switzerland in the
Bi-GRU model demonstrate that an RMSE value below 0.1 is
appropriate for guaranteeing model robustness, according to
the study. The RMSE values are far lower than what is
considered acceptable for energy forecasting applications,
especially when taking into account the model's good pre-
dicted accuracy and dependability.

4.3 | Ablation Study on European Countries
Data Set

Here, we examine the impact of several parameters on the Bi-
GRU model's forecast accuracy for renewable and non-
renewable electricity output in the United Kingdom, Finland,
Germany, and Switzerland (Figure 19). Using RMSE, MAE,
MAPE, and MSE, we can quantify the effect of component
changes.

4.3.1 | Impact of Bi-GRU Layer Size

Table 14 shows performance metrics (MSE, MAE, RMSE,
and MAPE) for a Bi-GRU model with varying layer sizes: 32,
64, and 128 units. The 64-unit model excels, showing the
lowest values in MSE (0.0064), MAE (0.034), RMSE (0.079),
and MAPE (3.79%), indicating optimal performance among
the sizes tested.

Training vs. Validation Loss for Different Layer Sizes

0.0105 —&~— Training 0035
—o— \alidation oidse
0,025
0.0100 goo
0,015
0,010
0.0095 So08
0.000
]
38 RMSE
0.0090
0.0085
0.0080
32 units 64 units 128 units MnMaxScaler StandardScaler
Layer Size
GRU vs. Bi-GRU Performance
MAE RMSE MAPE
010
oos
0.06
w
@
H
004
002
0.00
GRU Bi-GRU GRU B-GRU

FIGURE 19 | Ablation study on European countries data set.

4.3.2

| Influence of Feature Scaling

Table 15 compares Bi-GRU model performance using Min-
MaxScaler and StandardScaler. The MinMaxScaler achieves
lower error metrics across MSE (0.0064), MAE (0.034), RMSE
(0.079), and MAPE (3.79%), outperforming the StandardScaler,
which shows higher values, thereby highlighting its effective-
ness in reducing forecast errors.

TABLE 14 |

layer sizes.

Performance metrics of a Bi-GRU model with different

Layer size MAPE

(units) MSE MAE RMSE (%)

32 0.0089 0.039 0.094 4.85

64 0.0064 0.034 0.079 3.79

128 0.0072 0.038 0.084 3.96
TABLE 15 | Performance of a Bi-GRU model with different scaling
techniques.

Scaling MAPE

method MSE MAE RMSE (%)

MinMaxScaler 0.0064 0.034 0.079 3.79

StandardScaler 0.0072 0.036 0.084 4.21

Error Metrics for Different Scaling Techniques
MSE
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4.3.3 | Comparison With Single GRU

Table 16 compares the performance of GRU and Bi-GRU
models. It shows that the Bi-GRU model achieves lower error
rates across all metrics—MSE (0.0064), MAE (0.034), RMSE
(0.079), and MAPE (3.79%)—demonstrating its enhanced
accuracy in forecasting compared to the GRU model with MSE
(0.0091), MAE (0.042), RMSE (0.096), and MAPE (4.92%).

4.4 | Comparison of Bi-GRU Model Performance
With Other Existing Studies

Many of the studies being conducted now focus only on
renewable energy sources such as solar, wind, and PV elec-
tricity. It does not examine how to integrate strategies per-
taining to nonrenewable and renewable energy sources. Our
study is unique in that it considers both forms of energy.
Table 17 compares our data set with other datasets. Never-
theless, no other research has made use of this data set. This
comparison demonstrates that there are variations in the
volume of data covered and functionalities. Straight com-
parisons are only feasible if testing procedures and samples
vary. In contrast, Table 13 presents the experimental results
of other state-of-the-art models applied to the same data set
of European countries, allowing for a more relevant com-
parison. However, Table 17 compares different models used
to predict and manage different energy sectors [22]. ‘s PVMD-
ESMA-DELM model only looks at wind power and gets an
MAE of 0.9709 and an RMSE of 1.4188. The RNN-LSTM
model by [27], which focuses on solar (PV) energy, gives an
RMSE value of 19.78. Two models, CNN-LSTM-transformer
by Al-Ali et al. [16] and ensemble approach by Mystakidis
et al. [19] look at renewable energy in a general way. CNN-
LSTM-Transformer has an MAE of 0.393 and an RMSE of
0.344, while Ensemble Approach has an MSE of 3.9972, an

TABLE 16 | Performance of GRU and Bi-GRU models.

MAE of 0.8306, and an RMSE of 1.9993. LightGBM model by
Unsal et al. [12] has an MAE of 1.1072 and an RMSE of 1.7479
for green energy. The MLP model by Marques et al. [25] fo-
cuses on solar energy and gets an MAE of 0.61 and an RMSE
of 1.05. With an MSE of 1.36, the CNN model by Nikulins
et al. [20] concentrates on solar and wind energy. The steam
energy LSTM model [23] has RMSE of 0.47. The Bi-GRU
model analyzes both renewable and nonrenewable energy
sources, covering a larger spectrum of energy sources. This
model outperforms others in accuracy and efficiency with an
MSE of 0.0017, MAE of 0.0275, and RMSE of 0.0414. Since
this is a comprehensive approach, the model may be applied
to many energy circumstances. Its energy forecast and con-
trol method outperforms.

5 | Conclusions and Future Work

This research shows that the Bi-GRU can anticipate European
renewable and nonrenewable electricity production. Our com-
parative analysis reveals that Bi-GRU beats Bi-LSTM, CNN, and
Ensemble techniques in prediction accuracy across four Eur-
opean countries (the United Kingdom, Finland, Germany, and
Switzerland).

The Bi-LSTM model worked well, although its regional
development rates varied for numerous reasons. The United
Kingdom's well-established green energy system helped the
model find more regular trends, increasing projections. For
the same reason, Finland's yearly hydropower peaks were
well observed. In contrast, Germany's renewable energy
transition has increased energy balance instability and pre-
diction uncertainty. Switzerland's electricity reliance high-
lights Bi-LSTM's pros and cons. These fluctuations show that
models must account for local, seasonal, and energy law
variability in energy settings. The primary function of the Bi-
GRU model is improving energy production forecasts. For
this reason, it's critical to use cutting-edge deep learning
methods. Because it is precise and versatile, the Bi-GRU
model is a useful tool for energy planning in the future. This

Model MSE MAE RMSE MAPE (%) is particularly true when demand for sustainable energy rises.
GRU 0.0091 0.042 0.096 4.92 The inclusion of economic and climate change aspects in this
Bi-GRU 0.0064 0.034 0.079 379 model will become more crucial as the energy production
process gets more complex.
TABLE 17 | Comparison with existing studies.

[Reference], Year Methodology MSE MAE RMSE
[22], 2022 PVMD-ESMA-DELM — 0.9709 1.4188
[27], 2022 RNN-LSTM — — 19.78
[16], 2023 CNN-LSTM-transformer — 0.393 0.344
[19], 2023 Ensemble approach 3.9972 0.8306 1.9993
[12], 2024 LightGBM — 1.1072 1.7479
[20], 2024 CNN 1.36 — —
[25], 2024 MLP — 0.61 1.05
[23], 2024 LSTM — — 0.47
Proposed model Bi-GRU model 0.0017 0.0275 0.0414
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Mixed models, developed by combining Bi-GRU with other
methods, may be used by researchers in the future. More data
might be made available to researchers, and prediction accuracy
could be enhanced by using these models. The ease of their
implementation in other parts of the world depends on how
well these types perform in those areas. This study has the
potential to be transformed into practical energy management
solutions via collaboration with subject matter professionals.
Keeping energy system privacy and security intact in the face of
rapid technological change is of the utmost importance. We can
use these models to provide future energy management systems
that are both reliable and efficient. In the future, researchers
may focus on big data intelligence and cybersecurity-related
issues in various smart grid applications [36-39].
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