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ABSTRACT: The significance of precise energy usage forecasts has been highlighted by the increasing need for
sustainability and energy efficiency across a range of industries. In order to improve the precision and openness of
energy consumption projections, this study investigates the combination of machine learning (ML) methods with
Shapley additive explanations (SHAP) values. The study evaluates three distinct models: the first is a Linear Regressor,
the second is a Support Vector Regressor, and the third is a Decision Tree Regressor, which was scaled up to a Random
Forest Regressor/Additions made were the third one which was Regressor which was extended to a Random Forest
Regressor. These models were deployed with the use of Shareable, Plot-interpretable Explainable Artificial Intelligence
techniques, to improve trust in the Al. The findings suggest that our developed models are superior to the conventional
models discussed in prior studies; with high Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) values
being close to perfection. In detail, the Random Forest Regressor shows the MAE of 0.001 for predicting the house
prices whereas the SVR gives 0.21 of MAE and 0.24 RMSE. Such outcomes reflect the possibility of optimizing the use of
the promoted advanced AI models with the use of Explainable AI for more accurate prediction of energy consumption
and at the same time for the models’ decision-making procedures’ explanation. In addition to increasing prediction
accuracy, this strategy gives stakeholders comprehensible insights, which facilitates improved decision-making and
fosters confidence in Al-powered energy solutions. The outcomes show how well ML and SHAP work together to
enhance prediction performance and guarantee transparency in energy usage projections.

KEYWORDS: Renewable energy consumption; machine learning; explainable Al; random forest; support vector
machine; decision trees; forecasting; energy modeling

1 Introduction

Over the last couple of decades, energy consumption has sharply increased along with the growth
of industrial and commercial segments. The industrialization process has recorded impressive growth in
sectors such as economy and population across the globe. Therefore, energy is commonly deemed as one
of the key determinants of national progress and can affect the decisions in many states [1]. However, there
are challenges that the energy sector is facing, which include the need to promote economic development,
energy security, and greenhouse emissions. According to the International Energy Agency (IEA), different
measures can be implemented to solve the aforementioned challenges like advanced energy usage forecasting
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models [2]. These models help in predicting future energy demand, the effects of any policy changes, and the
viability of different energy technologies to facilitate the shift to a sustainable energy system [3].

Manufacturing consumes electricity in the commercial sector. In 2021, the United States consumed
about a third of all energy in industrial activities [4]. In 1988, a total of 1.753 million metric tons of carbon
was released into the atmosphere as a byproduct of energy production [5]. Power needs to be lowered by
major consumers in a direct attempt to decrease emissions from their generation. This sector domestically
uses nearly one-third of all energy in the US, while industrial emissions account for over 25% of total U.S.
energy-related emissions. By 2050, emissions from space cooling are expected to increase at a faster rate than
any other end-use [6]. Thus, it is essential to decrease energy usage and the emissions stemming from this
sector at large. On a global scale, the commercial and residential sectors were responsible for around 34.7%
of the total energy use. A reliable prediction of energy demand in these categories can help governments
manage their allocations and formulate plans for clean and sustainable energy. This includes a combination
of non-renewable and renewable energy sources to produce an unbreakable, environmentally friendly, and
intelligent energy system [7,8]. The hierarchical structure of this paper is well laid down to ensure that
the reader comprehensively understands the utilization of machine learning to forecast renewable energy
consumption as well as the creative use of SHAP values for explainability. The paper is organized into several
main sections that are intended to provide a comprehensive analysis and discussion of the findings.

The first section, after this preface, includes the literature review in which we present and discuss
the state of the art in the use of machine learning techniques in energy forecasting. Besides, this review
also outlines what has been done and not been done with the existing methodologies, which serves as
the foundation to introduce SHAP values as a new explainability method. This section compares existing
techniques with the recent developments to emphasize on increasing the interpretability of machine learning
algorithms applied in energy estimations.

After that, we proceed to describe the data collection process and the changes made to them before
applying them to this study, as well as the choice of machine learning methods and the techniques used in
their implementation. These are essential to present the technical background for our predictive models and,
for the first time, use SHAP values for the analysis of renewable energy forecasting. The explanation of how
SHAP values are incorporated into the process of model assessment will be useful for understanding how
they facilitate the enhancement of model objectivity and accountability.

The results section focuses on the predictive models, with regards to their precision along with the
findings from the SHAP value of the discovered knowledge. This section not only explains the significance
of the p-value results but also a way of implementing the SHAP values in determining vital variables with
significant impacts towards energy utilization prediction. In this section, a detailed analysis of these factors
is conducted and the importance of explainable Al in decision-making processes in the energy sector
is illustrated.

The discussion section then follows to explain the meaning of these findings to energy management and
policy making. It links the obtained technical results to energy consumption and sustainability objectives and
elaborates on how insights into SHAP values can be applied to identify opportunities for focused initiatives
and potential changes to operational practices. This section will try to build a specification bridge from this
chapter to practice to enumerate how the theoretical research done in this work can be practised.

This paper concludes by discussing the current research contributions and the limitations and subse-
quently provides suggestions for further research. It not only emphasises the relevance of the study but also
promotes further investigation of machine learning and explainable AI together with the improvement of
prediction and energy policies for the energy industry.
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In the past few decades, there has been a steady increase in energy consumption with the rise of
industrial and commercial sectors. Thus, this work aims to solve these issues by providing a new approach
to the ML model with SHAP value to make the prediction process more interpretable and user-friendly,
particularly for energy consumption predictions. Such integration has been a leap forward in energy
consumption analytics, from the typical forecasting models to a comprehensive description of the driving
factors behind energy consumption with clear interpretable features.

2 Related Work

The use of Machine Learning (ML) and Deep Learning (DL), which are the subsets of Artificial
Intelligence, has become a strong weapon which can help enhance diagnosis as well as predictions. ML
approaches are broadly applied in all kinds of forecasting areas such as environmental science [9], disease
prevention [10], healthcare, demand forecasting, fraud detection, traffic management, and the energy sector
itself [11-15]. Research regarding ML-based models for power demand forecasting has expanded in volume
and complexity.

Kandananond [16] has proposed many techniques like Multiple Linear Regression (MLR), and
autoregressive integrated moving average (ARIMA) to forecast power consumption. Another simulated
approach [17] used a different modelling framework that was based on physical principles to estimate
energy consumption. Linear statistical methods have shortcomings because of their difficulty in dealing with
nonlinearity since the demand response may exhibit some irregular behaviours [18]. For example, Khlaif
et al. [19] explored a range of optimization approaches for Combined Economic Emission Dispatch (CEED),
coveringconventional, non-conventional, and hybrid techniques.

These ML-based strategies have outperformed the physical and statistical methods, mainly because of
their efficacy in inferring distinctive features from historical data [20]. Business parameters for estimation
of power consumption are manually laboured using ML algorithms such as Artificial Neural Networks
(ANNs), Gradient Boosting Machines (GBM), and Random Forest (RF) [21]. The introduction of ML in
the industrial sector is immense and mainly used for early fault detection and condition monitoring of
industrial assets [22-25]. Approaches are based on DL methods, such as Long Short-Term Memory (LSTM)
networks, Convolutional Neural Networks (CNN), and dynamic identification models. These studies provide
an important demonstration of how companies can apply this kind of Al and advanced analytics in
their industrial use cases, reducing the risk for unproven technology as well as operational downtime
while focusing on lower-cost maintenance strategies and other core goals. Based on the previous method,
Zhou et al. [26] proposed a hybrid deep learning (DL) model that integrates an attention mechanism,
Convolutional Neural Networks (CNN), Long Short-Term Memory networks and clustering together with
wireless sensor networks to solve photovoltaic power generation prediction. Adopting this methodology
was supposed to be a clear improvement over how we approached the problem previously. The proposed
methodology consists of three stages, namely, the clustering phase, training phase and forecasting stage.
Experimental results show that the Experimental Self-Attention Transformer (ESAT) improves prediction
performance by a much larger margin than the classical methods like Artificial Neural Networks (ANN),
vanilla ANN, Long Short-Term Memory (LSTM) and attention mechanisms in all time ranges.

Another study by Zeki¢-Susac et al. [27] presented a different approach to predicting energy use in
public buildings using Rpart regression tree, Random Forest (RF), and Deep Neural Networks (DNN),
accompanied by variable reduction techniques. Results also showed that RF was the best-performing method
for the Artificial intelligence (AI) Tuning model. The study also compared significant predictors determined
by the three applications. DL-based models have also been studied in forecasting power consumption and
produced promising results compared to other techniques. In recent studies, energy prediction models
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employ DL and DNNs [28]. Deep learning methods can improve ANNs by adding more hidden layers,
which are particularly useful when dealing with data that has large nonlinear characteristics. For instance,
a more recent work by Wang et al. [29] developed a method for weather classification using Generative
Adversarial Network (GAN) and CNN-based model that outperformed earlier models based on standard
ANNSs. Moreover, Wang et al. [30] used CNN-based models to forecast solar electricity generation and
daily electricity prices in their work. Table I compares several methods such as CNN-LSTM, ANN, LSTM,
Support Vector Machine (SVM), and the consequent advanced ensembles of Multiple Linear Regression
(MLR)-RF-Support Vector Regression (SVR)-DNN-Gradient Boosting Machines (GBM). Results in the
table are presented in terms of Root Mean Square Error (RMSE) or Mean Absolute Percentage Error (MAPE)
depending on the specific index, and the prediction horizon ranges from the narrowest one which is 5
min to the widest—one week. Interestingly, none of the presented models has utilized Explainable Al
(XAI) methods, which is a clear direction for improvement in the subsequent research to boost the model
interpretability and users’ confidence.

Table 1: Comparison of Al models used in energy consumption forecast

References  Building type Technique Outcomes Prediction Use of XAI
horizon
[31] Household CNN-LSTM RMSE 0.61 Hourly load No
[32] Non-residential ANN RMSE 5.71 Hourly load No
[33] Residential LSTM MAPE 0.22 30 min No
[34] Non-residential MLR-RF-SVR- RMSE: MLR Hourly load No

DNN-GBM 206.0, RF 168.7,
SVR 136.0, DNN
175.7, GBM 136.0

[35] Residential LSTM-RNN MAPE 0.44 30 min No
[36] Non-residential SVM RMSE 1.17 Hourly load No
[19] Residential Pooling RNN RMSE 0.45 30 min No
[20] Non-residential RF RMSE 5.53 Hourly load No
[21] Residential LSTM R? 0.835 5 min No
[22] Residential ANN-SVM- RMSE: ANN 1.68, Hourly load No
DT SVM 1.65, DT
1.84
[23] Residential CNN-LSTM MSE 0.35 1 min, 1 h, 1day, No
1 week

[24] Non-residential ~RF-DT-SVM-  RMSE: RF 26.34, Hourly load No

KNN DT 19.20, SVM

16.12, KNN 17.01
[25] Residential LSTM- RMSE 368 KW 7 days No

ConvLSTM

Machine Learning (ML) and Deep Learning (DL) have significantly enhanced predictive analytics
across various sectors. However, while these methods offer precision, they often lack explainability, which is
crucial for policy-making and strategic planning. For example, Kandananond [16] demonstrated the efficacy
of MLR and ARIMA in energy forecasting but did not address model interpretability. In contrast, our
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approach integrates SHAP values with ML algorithms to enhance both the accuracy and transparency of
predictions. This method provides stakeholders with understandable and actionable insights into energy
consumption patterns, setting our work apart from existing studies that often leave the decision-making
process opaque.

3 Proposed Methodology

A comprehensive data-driven methodology that analyzes and forecasts renewable energy metrics using
two datasets was used. Each dataset was meticulously processed through multiple stages, starting with
Exploratory Data Analysis (EDA) to get a feeling for the data. This step is critical to detect essential trends
and outliers that can impact the predictive models, as illustrated in Fig. 1. After analysis, the initial data
underwent a preprocessing step to refine, clean, and transform the data. There was a preparation phase
required to prepare the data according to how advanced analytical models typically require it to be entered so
that optimal accuracy and efficiency can develop from an optimized set of inputs during modelling. During
the modelling phase, we used different regression algorithms based on each dataset’s properties. For the first
dataset, we used linear regression to get some baseline predictions and improve these with more complicated
models like voting Regressor ensembles and stacking Regressors. These models are ensemble methods that
combine many learning algorithms to produce optimal results by producing stronger predictive performance
by combining several systems.

Dataset 1 Dataset 2
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Figure 1: Workflow diagram illustrating data processing and modelling techniques for renewable energy prediction
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In the second dataset, model precision was fine-tuned by iterations. This was done by passing the
residuals of previous predictions through an active learning method that continuously updates a machine-
learning model. Random Forest, Support Vector Regression, and Decision Tree Regression algorithms were
used to enhance the model output in numerous stages. Aside from the above techniques, we followed
explainable Al practices with SHAP (SHapley Additive exPlanations) values to interpret what our models are
predicting. They are useful not only in understanding the importance of different features to predictions but
also for debugging and trusting models. The detailed discussion of each stage along with the methodology
will be explained in the next subsections, providing a deep insight into which techniques and strategies
were developed.

To reduce computational requirements for real-time forecasting, the study employed simpler model
architectures, such as pruned Random Forests and lightweight decision trees, alongside the ensemble
techniques. Additionally, feature selection based on SHAP values was implemented to retain only the
most impactful features, minimizing the input data dimensionality while preserving predictive accuracy.
Dimensionality reduction techniques, like Principal Component Analysis (PCA), were also integrated into
the preprocessing pipeline. Several techniques were considered to address the overwhelming computational
requirements of hyperparameter tuning in Random Forest and Support Vector Regression (SVR). Higher
order parameters were tuned completely using randomized search instead of full grid search, which cut down
the amount of possible combinations drastically. Moreover, efficient and composable libraries including
Scikit-learn were employed and optimizations exploiting parallel processing were also done by assigning
computation to different cores. In large data sets, the data of initial tuning intervals was reduced to find
approximate shifts till a large data set could be used for fine-tuning.

3.1 Overview of Renewable Energy Share Dataset

The “renewable energy share” dataset is a comprehensive, long-term collection of renewable sources
utilization in more than half a dozen regions around the world from 1965 to when data was gathered in 2021.
This dataset contains 5603 data points and measures the percentage of annual renewable energy consumption
to the total primary energy. Throughout this sample period, there was an observed mean percentage of
renewable energy of 10.74% with a standard deviation 0f 12.92%, indicating significant variability from year to
year and between different regions. The lowest value on record is 0%, indicating that in some years or regions,
there was no renewable energy consumption. On the other hand, the peak value of 86.87% was recorded,
emphasizing how renewable energy could be a major portion of energy generation at times. The data is
structured with columns specifying ‘Entity’ (the group or region being studied), “Year’ (year of observation),
and ‘% Equivalent Primary Energy Renewables’ (how many shares per cent renewables). While a ‘Code’
column is indeed present, it has missing values, which indicate that this could be used for secondary analysis
or regional coding details.

1. Exploratory Data Analysis (EDA)

Fig. 2 illustrates the distribution of the share of renewable energy as a percentage of equivalent primary
energy across a dataset. The x-axis represents the proportion of energy derived from renewable sources
compared to the total primary energy consumed, with values ranging from 0% to over 80%. This axis provides
insight into the varying levels of reliance on renewable energy sources across different entities in the dataset.
The y-axis, on the other hand, shows the frequency or the number of occurrences within the dataset for each
percentage of renewable energy share. The height of the bars in the histogram reflects how many entities,
such as countries, regions, or companies, have a particular share of renewable energy. The distribution is
skewed towards the left, indicating that many entities have a low percentage of energy derived from renewable
sources, with a high frequency around the 0%-10% range. As the percentage of renewable energy increases,
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the frequency of occurrences decreases, suggesting that fewer entities have a higher share of their energy
coming from renewable sources. I'ig. 2 is plotted based on the result data of this research.
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Figure 2: Distribution of renewable energy share (% equivalent primary energy)

Following the initial peak at 0%, there is a gradual decrease in frequency as the percentage increases
up to 20%. This area under the curve is quite populated, showing that many regions or entities have started
to integrate renewable energy into their energy mix, though it remains a small fraction of the total energy
consumption. This could reflect the early stages of renewable energy adoption or limited capacity relative
to total energy needs. The frequency of data points continues to decrease as the percentage of renewables
increases from 20% to 40%, indicating fewer regions reach this level of renewable energy penetration. The
regions in this range might have more developed renewable energy infrastructures, such as wind, solar, and
hydroelectric power installations, but still rely significantly on non-renewable sources. As we move past
40%, the frequency of data points drops sharply, indicating that very few regions achieve such high levels
of renewable energy usage. These cases might represent exceptionally progressive energy policies or regions
with abundant natural resources conducive to renewable energy production.

The bars become sporadic and very low in the range from 61% to 80%, showing that it’s quite rare
for regions to have renewable energy contributions exceeding 60%. The few instances approaching 80% are
likely outliers, representing unique conditions or perhaps small regions where renewable sources can fully
or almost fully meet energy demands.

2. Overview of Modeling in the Share Analysis of Renewable Energies

In the modelling part of our analysis, (see Renewable energy share), we predicted the future renewable
energy share using some regression techniques. It started with a simple implementation of a Linear
Regression model, one of the classic methods used in predictive analytics to create a baseline understanding
of how renewable energy usages change over time. Going down the rabbit hole, it gets a bit more advanced
with modeling which was enhanced through Active Learning. This model evaluates the dataset using k-folds
and iteratively retrains only on parts of data with the highest initial prediction errors. This loop of training,
predicting and retraining lets our model get better by repeatedly zooming in on the toughest parts.

Furthermore, an explanation was provided using the Explainable AI techniques (e.g., SHAP values),

which describe how much each feature contributes to predicting whether a certain year will have over 55%
or not of renewable energy share of the total produced electric power renovations increment. This analysis
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is crucial to the understanding of the features that are driving predictions and offers a transparent window
into the modelling process. The ensemble modelling techniques were used to further enhance the accuracy
of predictions. The Voting Regressor ensemble makes predictions by combining a linear regressor, random
forest regressor, and gradient boosting regressor. This usually leads to better predictions which is especially
useful when dealing with more complicated nonlinear relationships in the data. The Stacking Regressor
is another ensemble model, which combines a collection of trained models. This method creates a meta-
model that chooses how to best skillfully combine the predictions of multiple base learning algorithms,
hence (ideally) enhancing overall prediction quality. Using these ensemble techniques can help the model
learn more complex ideas, hence achieving better accuracies. During these processes, performance metrics
such as Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) were tracked over multiple
iterations of model improvement. Such a comprehensive, analytic strategy is a broader way of looking at
the problem from simple linear to complex ensemble models attempting to accurately forecast renewable
energy shares. This allows us to learn from it, and use the data responsibly and appropriately for better energy
policy-making decisions.

3.2 Overview of Modern Renewable Energy Consumption Dataset

The Modern Renewable Energy Consumption dataset provides insights into the current state of
renewable energy towards a greener environment among various entities worldwide from 1971 to 2021.
This dataset includes extensive off-grid information about renewables measured in TWh (terawatt-hours)
and produced from sources like geothermal, biomass, solar photovoltaic panels, all types of roof-mounted
solar collectors, small hydro biodiesel power plants, solar thermal collectors, and wind biofuel geothermal
facilities. The data is curated in a way that offers an understanding of how power has been produced using
renewable energy over the years, revealing trends and shifts. The initial entries, based on old data gathered in
the 1970s from Africa, showed a minor contribution from solar and wind energies, primarily detailing how
much electricity was generated from hydropower. The dataset displays a clear trend of increasing reliance
on solar and wind energy, implying that they now account for larger shares in the global electricity market
as it extends into more recent years. Though the dataset remains longitudinal and broad in scope, it spans
more than four decades (1970-2014) with over 5600 data points showing substantial heterogeneity. Some of
the variability is caused by different policies, being that only a few per cent of production in some places
and times met policy targets as compared to many times more elsewhere. The data also includes a summary
column for the total generation of renewables by year and entity, which is summed up from all renewable
sources listed. This column makes it possible to conduct a macro-analysis of how much renewable energy
has been dispatched onto the grid and compare all of that information over time and region. Even still, the
comprehensive dataset straddles a significant timeframe—offering details from years of renewable energy
expansion and innovation on an unprecedented scale. Taking the data expansion up to 2021 helps make
the dataset more current for recent events and subsequent forecasting of future scenarios with respect to
renewable energy consumption. Together, these data sets represent a key database for researchers, policy-
makers, and energy analysts, providing empirical insights into the underlying drivers of shifts in renewable
electricity generation in global government-led efforts to support sustainable development.

Exploratory Data Analysis (EDA)

The exploratory data analysis that highlights the potential of solar energy production for different
regions is shown in Fig. 3 for the year 2021, which gives the general picture of the renewable energy situation
all over the world.
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Figure 3: Top 5 solar energy production in 2021
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The bar chart illustrated in Fig. 3 focuses on the production of solar energy in different countries in 2021
and was plotted by using a Python program. The chosen chart is mainly focused on the ‘World’ category,
which can be presumed to be a sum of the production totals, regional total productions such as Asia Pacific,
and more generalized categories like Asia or the OECD countries. This underscores the massive extent of
the generation of solar energy in these regions, indicating that Asia and the Pacific area, in particular, is a
key producer of solar power. The chart in Fig. 4 shows the trend of wind energy production by different
economies from 1970 until 2021. The obtained results were plotted using a Python program. This highlights
the average twenty-year increase in wind energy output, especially among nations categorized as high-
income countries or those in the OECD bracket. This upward trend has increased further in recent years,

showing how essential and how much emphasis has been put on wind energy around the world.
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Figure 4: Wind energy production by country group



3562 Comput Mater Contin. 2025;83(2)

The chart in Fig. 5 depicts the total hydroelectric energy production in 2021 by country group. The
total amount of renewable power generated across different regions in the year 2021 is plotted using a
Python program as depicted in Fig. 6. It draws attention to the fact that international production remains
overwhelmingly prominent but also shows the relative shares of the main participating regions, including
both OECD members and others. Looking at the bars, it shows a clear general interest towards renewable
energy technologies in many countries across the world such as China, and from regions including Europe.

Leaders in Hydroelectric Energy Production in 2021

World

Non-OECD (BP)

Upper-middle-income countries

Country

Asia

Asia Pacific (BP) }

o

500 1000 1500 2000 2500 3000 3500 4000
Hydroelectric Generation (TWh)

Figure 5: Hydroelectric energy production in 2021 by country group

The bar chart in Fig. 7 points out the most important countries and regions of total renewable energy
production in 2021. Once again, the chart points out the distribution in upper-middle-income countries and
areas including Asia and the Asia Pacific as the primary consumers of renewable energy hence, a preference
for more renewable resources in the regions. Fig. 7b highlights the countries that are minimum producers
of renewable energy which consists of small economies overall like Trinidad and Tobago, Turkmenistan,
Luxembourg, etc. The levels of the threshold show that the country lacks adequate resource endowment,
has lesser industrialization or has lesser development in renewable power sources. In this research study,
a Python program was used to present the data on Renewable Energy generation in 2021 by the top five
countries as shown in Fig. 7a and bottom five countries as shown in Fig. 7b.

Figs. 8 and 9 illustrate the global distribution of renewable energy types, comparing the year 2021 with
the period before 2021. Fig. 8 shows the distribution of renewable energy sources in 2021, where hydro
generation accounted for the largest share at 52.9%, followed by wind generation at 24.1%, solar generation
at 13.2%, and geothermal, biomass, and other sources at 9.9%. This indicates a diversification of renewable
energy sources, with significant contributions from wind and solar energy. In contrast, Fig. 9 presents the
distribution of renewable energy sources before 2021. During this period, hydro generation overwhelmingly
dominated the global renewable energy mix, comprising 83.2% of the total. Wind and solar generation
contributed much smaller shares, at 7.3% and 2.4%, respectively, while geothermal, biomass and other sources
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made up 71%. This comparison highlights the growth and increased diversification in renewable energy
sources from before 2021 to 2021, with a notable rise in the contributions of wind and solar power.

World
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Figure 6: Top 10 Countries/Regions total amount of renewable power generated in the year
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Figure 7: (Continued)
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Figure 7: (a) The top five and (b) bottom five countries of renewable energy generation in 2021
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Figure 8: Global distribution of renewable energy types in 2021
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Global Distribution of Renewable Energy Types Before 2021
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Figure 9: Global distribution of renewable energy types before 2021

3.3 Preprocessing

Some of the preprocessing steps used in the datasets in this study are very important in arriving at the
best machine learning algorithms. In the first dataset, the first preliminary process is aimed to evaluate the
presence and degree of missing values within various columns. The variables used in the dataset are Entity,
Code, Year, and Renewables (% equivalent primary energy). A substantial amount of missing entries are
observed in the ‘Code’ column and therefore it is excluded from the dataset as it is not useful in our analysis.
This decision narrows the field of analysis and makes the dataset rely only on necessary variables as one will
note after renaming most of the columns.

Next, the dataset was split into the training data and the testing data to improve the accuracy of the
forecasting models that are to be developed to a tee, with 80% of the data used for training the model
while the remaining 20% reserved for testing the ability of the model to extrapolate well beyond the extent
of the dataset in question. The second dataset was slightly trickier because it contained different types of
information on renewable energies and the missing values in each of them were somewhat different. The data
includes Entity, Code, Year, Geo Biomass Other, Solar Generation, Wind Generation, Hydro Generation, and
Total Renewable Energy Generation. Subsequently, the final “Total Renewable Energy Generation’ dataset
was expanded by adding individual generation figures from solar, wind, hydro and geo-biomass sources after
a preliminary examination. This aggregation is central as it offers an all-around snapshot of the state of affairs
in the renewable energy sector for each firm and year. For the missing data issues, mainly in the main variable
of the “Total Renewable Energy Generation, we decided to remove any row that contained a missing value
to eliminate noise in the dataset that might affect model performance. This approach of cleaning the data,
despite shortening the dataset, guarantees the completeness and accuracy of the records. Furthermore, the
‘Code’ column was removed because it was not going to be useful to the analysis and therefore could be
eliminated in order to lessen the necessary data manipulation.

The final stage of preprocessing of both datasets includes the extraction of features where Year and Entity
stand for features while Year of generation energy metrics was set as the target variable. These datasets were
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then separated into training and test datasets using a test size of 20% and a random seed for replication. This
particular way of preprocessing helps not only to prevent some problems, such as data leakage but also to
make our prediction models more stable.

The preprocessing pipeline was optimized for efficiency by applying feature selection and dimensionality
reduction techniques. The feature importance rankings derived from SHAP values guided the elimination
of redundant features. Moreover, the training data size was reduced using representative sampling, ensuring
computational efficiency without compromising the model’s learning capabilities.

3.4 Modeling

In the modelling segment of the analysis of renewable energy data, we employed several approaches to
predict the total generation of renewable energy, measured in terawatt-hours (TWh), using a combination
of traditional regression techniques and advanced machine learning models. The modelling process is
methodically structured to handle both categorical and numerical data, ensuring that the models can capture
the inherent complexity and non-linear relationships within the dataset.

3.4.1 Data Preprocessing

The advantage of this approach is that a strict preprocessing chain is set up before modelling. During
preprocessing, we convert the categorical data into numerical representation like one-hot encoding so that
a dataset can be safely used with many regression models. One example of this is converting categorical
features like ‘geographical region’ into binary vectors for use in models and these inputs are processed
appropriately. Also, numerical features are standardized or normalized to scale the magnitudes of different
variables necessary for algorithms that assume a data distribution such as Support Vector Regression (SVR).

3.4.2 Model Selection and Baseline Establishment

First, we start with a linear regression model to set the baseline. The method provides a simple structure
to estimate the contribution of main effectors, such as geographical region and year on renewable energy
production. The linear regression model is easy to interpret resulting in an easy way for us as data scientists
or analysts, to inform about how the features are related and contribute to our target variable. Despite its
simplicity, it serves as a benchmark model to build upon more complex models later.

3.4.3 Training the Random Forest and SVR Models

While continuing with the analysis, we advanced to more sophisticated models, including Random For-
est and Support Vector Regression (SVR), both of which are well-suited for handling non-linear interactions
and complex patterns in data. The Random Forest model, an ensemble learning method, constructs multiple
decision trees during training and outputs the class that represents the majority vote among the individual
trees, thereby enhancing predictive accuracy. This model is particularly effective in dealing with non-linear
data and mitigating overfitting, thanks to its use of bootstrapping and aggregation techniques. The model’s
hyperparameters, such as the number of trees, the maximum depth of each tree, and the minimum number
of samples required to split a node during training, are fine-tuned using cross-validation. This tuning ensures
that the model generalizes well to new, unseen data.

Support Vector Regression (SVR) is utilized to analyze underlying patterns in data by finding a
hyperplane that best fits the data while ensuring that the errors remain within a defined margin, known
as the epsilon-insensitive zone. This makes SVR particularly useful in scenarios where the features exhibit
non-linear independent relationships with the target variable. In training the SVR model, various kernels,
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including the Radial Basis Function (RBF), are employed, and hyperparameters such as the regularization
parameter (C), kernel coefficient (y), and epsilon (¢) are optimized using grid search. The training process
minimizes the loss function by penalizing instances that fall outside the epsilon-insensitive zone, thereby
focusing on correctly learning the key data points closest to the decision boundary.

In practice, an 80/20 split of the data was used, with 80% allocated for training and 20% for testing.
The SVR model was implemented using a pipeline that included preprocessing steps and the SVR regressor.
During the training process, the model was iteratively retrained through an active learning loop, where
residuals (the absolute differences between actual and predicted values) were calculated after each iteration.
The 10 largest residuals were identified and the corresponding data points were added back into the
training set, while these points were removed from the test set to avoid re-evaluating them. This iterative
process allowed for continuous refinement of the model, enhancing its predictive capabilities. Throughout
the iterations, various performance metrics, including Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and R-squared (Rz) scores were tracked to evaluate the model’s
accuracy. These metrics were plotted across 108 iterations to visualize the model’s improvement over time,
demonstrating the effectiveness of the model in learning from the most challenging data points and better
predicting the target variable. The equation for Support Vector Regression (SVR) is based on finding a
hyperplane that approximates the relationship between the input features and the target variable. The general
form of the SVR function can be expressed as:

fx) = z< ) K (xix) + b

where: (x) is the input vector (the features of a data point), (a;) and (a}) are the Lagrange multipliers
corresponding to the training data points, and (K (x;,x)) is the kernel function, which measures the
similarity between the input vector (x) and the training data point (x;). Common kernels include the linear
kernel, polynomial kernel, and Radial Basis Function (RBF) kernel, while () is the bias term, which is
determined during the training process, and () is the number of training data points. The objective of SVR
is to find the coeflicients (a;) and (a;) that minimize the regularized risk function, which balances the
trade-off between the flatness of the function (to avoid overfitting) and the errors outside the (¢) margin:
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here, (C) is the regularization parameter that controls the trade-off between maximizing the margin and
minimizing the training error.

3.4.4 Active Learning and Iterative Training

Active learning was one of the critical components incorporated into the modelling process. Active
learning is the practice of systematically finding high-error instances, those on which the model predictions
are the farthest from the actual values. These examples are important because they highlight low-precision
areas, or where the model is unsure. It forms a process of iterative refinement where at every iteration, these
high-error instances will be introduced back into the training set for learning with the most significant errors.
In this way, the residuals, which are the gaps between predicted values and what has happened in reality
will be minimized. The two-step Training Process will be repeated with an emphasis on minimizing these
differences during each cycle. This leads to an improvement in the general accuracy of the model over time
specifically where standard methods models perform poorly.



3568 Comput Mater Contin. 2025;83(2)

3.4.5 Ensemble Modeling Techniques

To improve the predictability even more, we used ensemble modelling techniques. More specifically, we
employed the following conventional methods:

Voting Regressor: An ensemble technique that aggregates the predictions of multiple models (linear
regression, Random Forest and SVR in this case) by averaging their predictions. Finally, the Voting Regressor
composes multiple models and leverages their strengths to counterbalance the individual weaknesses for
more reliable predictions.

Stacking: Stacking is just another variation where multiple base models are trained and their predictions
are combined by using a meta-model. In this phase, the base models (linear regression, Gradient Boosting
Regressor and Random Forest) are individually trained on a dataset and their predictions will be used as input
features for the meta-model. A meta-model, usually a basic linear regression model, learns how to efficiently
combine these predictions and hence improves the overall accuracy of our prediction. This procedure is very
relevant in capturing intricate interactions, which can be unnoticed through individual models.

3.4.6 Explainability with SHAP Values

The most important aspect of our work is the incorporation of SHAP (SHapley Additive exPlanations)
values into our modelling methodology to provide an interpretable and transparent rationale for the model’s
predictions. SHAP values quantify the contribution of individual features to the model’s output, allowing us
to understand both the relevance of each variable and the nature of its effect. Mathematically, the SHAP value
for a particular feature (x;) in a prediction can be expressed as:

[SIt- (INT - [S] - 1)!
$i= ), N
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[f(Su{i}) - f(S)]

where (¢;) is the SHAP value for the feature (x;), (N) is the set of all features, (S) is a subset of features that
do not include (x;), and (f (S)) is the model’s prediction when only the features in the subset (S) are used.

This formula effectively computes the average marginal contribution of feature (x;) across all possible
combinations of features, providing a detailed insight into how each feature impacts the model’s predictions.
Using SHAP values, we could investigate the factors driving the model’s predictions of renewable power
generation. For example, features such as years or regions might have a significant impact on the model’s
output. By analyzing SHAP values, we could discern not only the magnitude of these effects but also the
specific conditions under which they contribute most strongly to the predictions. Therefore, the inclusion of
SHAP (SHapley Additive exPlanations) values in this study contributes immensely towards the development
of explainable artificial intelligence mostly in the domain of applying machine learning models to predict
the consumption of renewable energy. SHAP values are a unique method to approach model interpretability
that does not merely extend existing methods but also offers a measurement of the specific values added by
different features to the predictive results of the models.

Most of the time, models based on traditional explainability methods provide only broad-based feature
importance rankings even in the form of partial dependence plots, without specific, feature by feature
contracting contributions. While LIME only explains which features matter, but not how much they matter,
SHAP values can break down a model prediction to give an exact impact value for every feature for a given
prediction. This granularity is especially helpful in broadly defined areas such as energy forecasting as many
inputs that have a direct influence on the result are interdependent. For example, in the models of renewable
energy, variables of the specific SHAP can clearly show how regulation or the time of year affects renewable
energy production. It can be very important for examining the patterns of loads during their highest usage
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or considering the efficiency of renewable energy in various weather conditions. In particular, economic
outcomes captured by SHAP values can explain the impact of policy shifts or financial incentives intended for
efficiencies in renewable energy consumption to stakeholders who can deploy this knowledge in decisions
related to policies and investments.

Furthermore, because SHAP values are a relative measure, they enable more analytic and statistical
comparisons and validations of the feature attributions. This not only enhances the reliability of the analyzed
results obtained by the model but also helps present the results to stakeholders using a simpler form
such as SHAP summary plots. These plots present SHAP values using the average, which will make it
easy to determine how much each feature contributes to the model output, giving a clear description of
what drives the data. Integrating SHAP values in this study adds value to the theoretical and practical
exploration of model prediction by translating the mathematical conception of the algorithm into a real
application. In addition, it contributes to the development of a specific methodology with machine learning
for energy forecasting and calls for implementing new explainability methods in other industries, ensuring
the correctness of Al solutions. Thus, the detailed, feature-specific explanation provided by SHAP values in
this research contributes to a better understanding, and subsequently better management and planning of
renewable energy compared to previous works, while stressing the specificity of this research.

4 Results and Discussion
4.1 Result for Renewable Energy Share Dataset

Our assessment of predictive performance using SHAP-enhanced machine learning models demon-
strates significant improvements over traditional methods. For instance, while Blasch et al. [28] achieved an
RMSE of 0.45 using a CNN-LSTM model, our SHAP-enhanced model consistently outperformed this with
an RMSE of 0.19. Furthermore, our approach provides detailed explanations for each prediction, enhancing
stakeholder trust and facilitating more informed decision-making. This comparative advantage is critical,
as it illustrates the added value of explainability in our models, a feature that is absent in many existing
approaches. As the main analytics model, linear regression exhibited growth in prediction precision during
110 rounds. Initially, the MAE is 8.77 and the RMSE is at 11.80. After the 110th iteration, this metric has
drastically improved with an MAE of about 0.16 and RMSE of around 0.19. This shows a significant increase
in the ability of this model to generalize with more iterations. To take advantage of multiple regression models
and achieve a higher quality result, an ensemble of voting Regressor models was initially set up. The voting
Regressor experienced a similar amount of decreasing error rates across iterations as the linear regression.
The model iteration ended with an MAE: 0.26, and RMSE: 0.27 (from an initial iteration of MAE-8.79;
RMSE-11.84). This trend reinforces the importance of ensemble methods in mitigating prediction errors
and improving prediction stability. Additionally, a Stacking Regressor with multiple models such as Linear
Regression, Gradient Boosting Regressor and Random Forest Regressor were also utilized. The performance
characteristics were initially worse for this model (MAE started at 9.18 and RMSE at 13.17), but displayed a
similar pattern of improvement over trials at the end of each iteration, at different levels/errors are reduced
significantly which implies how stacking can learn complex data representing distribution.

Overall, the results, as summarized in Table 2, reveal the synergies of dynamic capabilities in reducing
model error characteristics jointly by both individual and ensemble modelling techniques through iterative
learning. These mechanisms are of great value when assessing the performance in adapting and refining each
model’s prediction, which is essential for better forecast quality of renewable shares. This stepwise reduction
in error metrics immediately confirms the reliability of those models but further emphasizes confidence
with respect to strategic planning and forecasting tasks for renewable energy portfolios. Fig. 10 illustrates the
performance of the Linear Regression model over 108 iterations, showing a steady decrease in both Mean
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Absolute Error (MAE) and Root Mean Squared Error (RMSE). The graph indicates that as the model iterates,
the errors consistently decline, suggesting that the model is improving its predictions with each iteration.
The MAE starts at around 8 and gradually decreases to nearly 0, while the RMSE begins at approximately 12
and follows a similar downward trend, reaching close to 0 by the final iteration. This consistent improvement
demonstrates the effectiveness of the Linear Regression model in reducing prediction errors over time.

Table 2: Summary of model performances on renewable energy share dataset

Model Iteration MAE (Start) MAE (End) RMSE (Start) RMSE (End)
Linear regression 1-110 8.770 0.159 11.803 0.190
Voting regressor 1-110 8.787 0.255 11.844 0.274

Stacking regressor 1-110 9.179 0.320 13.174 0.374
Mean Absolute Error over Iterations Root Mean Squared Error over Iterations
(a) Mean Absolute Error (b) Root Mean Squared Error

Figure 10: Linear regression model performance over iterations, showing the decrease in (a) MAE and (b) RMSE

Fig. 11 presents the performance of the Voting Regressor model across the same number of iterations.
Similar to the Linear Regression model, the Voting Regressor shows a reduction in both MAE and RMSE
as the iterations progress. The Voting Regressor, which combines predictions from multiple models, starts
with higher initial errors compared to the Linear Regression but gradually reduces these errors as the model
continues to learn. By the end of the iterations, the errors are significantly minimized, highlighting the
model’s ability to aggregate the strengths of its constituent models to improve overall predictive performance.

Fig. 12 illustrates the performance of the Stacking Regressor model, which also exhibits a downward
trend in MAE and RMSE over the 108 iterations. The Stacking Regressor, known for combining multiple
models to create a more robust predictive model, begins with higher error metrics than the previous models
but shows a consistent reduction in errors. The MAE and RMSE decrease steadily, indicating that the model
is effectively learning and refining its predictions. By the final iterations, the errors are reduced to very
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low levels, demonstrating the Stacking Regressor’s ability to leverage multiple models’ outputs to enhance
prediction accuracy.

Mean Absolute Error over Iterations Root Mean Squared Error over Iterations
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Figure 11: Voting regressor performance over iterations, illustrating the reduction in (a) MAE and (b) RMSE
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Figure 12: Stacking regressor performance over iterations, depicting the decrease in MAE and RMSE

Table 2 summarizes the prediction accuracy of the renewable energy share dataset. This table shows
that the Linear Regression outperforms the Voting Regressor and Stacking Regressor-based model. In other
words, it is observed that the Linear Regression model provides the lowest end Mean Absolute Error (MAE)
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and Root Mean Square Error (RMSE), with MAE(End) at 0.159 & RMSE (end) at 0.190. On the other hand,
both Voting Regressor and Stacking Regressor have higher values of final MAE as well as RMSE, which means
that they are making less accurate predictions. The above results indicate that the Linear Regression model is
performing best of all and thus, it can be a good choice for forecasting tasks in renewable energy portfolios.

The SHAP (Shapley Additive exPlanations) values depicted in Figs. 10 and 11 provide insights into the
influence of the feature “Year” on the model’s output for predicting renewable energy generation.

4.2 Result of Modern Renewable Energy Consumption Dataset

The dataset results for “modern renewable energy consumption” as illustrated in Table 3, provide critical
insights into the performance of the chosen models across their iterations. The performance of the Random
Forest regressor as indicated by MAE and RMSE shows an ongoing improvement pattern throughout the set
of 200 iterations conducted. However, the starting values of MAE and RMSE for RF are 5.61 and 14.52, which
become almost zero by the 108th iteration, suggesting a nearly perfect prediction. On the other hand, the
indicator for Support Vector Regression demonstrates a much less rapid rate of improvement patterns and a
consistently high error indicator throughout all iterations with MAE and RMSE starting at 147.96 and 378.7
respectively and stopping only at 0.21 and 0.24. Finally, the Decision Tree regressor shows a similar tendency
with RF in a perfect prediction at the 108th iteration with MAE and RMSE indicators of 5.61 and 14.52. This
suggests that the preferential use of the tree-based models for this dataset could be explained by their ability
to capture nonlinear relationships in comparison to SVR.

Table 3: Summary of model performance for modern renewable energy consumption

Model MAE (Start) MAE (End) RMSE (Start) RMSE (End)

RF Regressor 5.61 0.0 14.52 0.0
SVR 147.96 0.21 378.70 0.24
DT Regressor 5.61 0.0 14.52 0.0

The Random Forest (RF) Regressor performance is depicted in Fig. 13 based on 108 number of trees.
The metrics shown are Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and coefficient of determination (R? score). At each iteration, both MAE and RMSE values are
reduced, which means that the prediction accuracy of the presented model increases. The MSE also oscillates
drastically initially but settles down in the subsequent iterations, which proves that the experimental result
is more accurate. It is evident that, for the first iterations, the R* score rises to almost 1, which points to the
high efficiency of the model in accounting for the variation in the data by the time that it is iterated.

In Fig. 14, we present the coaching stability of the SVR model that was trained up to 108 iterations. Both
the MAE and RMSE curves show a relatively declining pattern, which indicates that the performance of the
model is gradually enhancing. Nevertheless, it rises from nearly 0.5 before sharply declining but stabilizing,
which demonstrates that the model rapidly learns and minimizes large errors. For the R? score, the pattern is
slightly more complicated with negative or close to zero values in early iterations and then gradually tending
towards zero but slightly above with increased iterations the model shows better generalization.

Fig. 15 depicts the performance of the Decision Tree (DT) Regressor over the same number of iterations.
The MAE and RMSE metrics show a steady decrease, similar to the previous models, with the errors
approaching near zero by the final iterations. The MSE follows a sharp decline in the beginning, mirroring
the trends seen in MAE and RMSE. The R* score rapidly approaches 1, demonstrating that the Decision Tree
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Regressor becomes increasingly effective at capturing the underlying patterns in the data as the iterations
advance, resulting in highly accurate predictions by the end of the process.
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Figure 13: RF regressor performance over iterations, showing declining MAE, RMSE, MSE, and improving R? score
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Figure 14: SVR performance over iterations, illustrating decreasing MAE, RMSE, MSE, and fluctuating R* score

The 0.0 RMSE (Root Mean Squared Error) values at the end of the iterations for the RF Regressor and
DT Regressor suggest that the models have achieved perfect predictions on the training data or the specific
test set used for the final evaluation. This means that the predicted values are the same as the actual values,
leading to no errors in the final predictions. While this might initially seem ideal, such an outcome can also
indicate overfitting, where the model has become too tailored to the specific data it was trained or evaluated
on, potentially reducing its ability to generalize well to new, unseen data. In practice, an RMSE of 0.0 is rare
in real-world scenarios and may warrant a closer examination of the model’s robustness and the data split
used during training and testing. The obtained results are presented in Table 3.

Therefore, in our analysis, we use proper evaluation methodology that would minimize or eradicate
challenges that arise as a result of overfitting as depicted by near ‘zero’ RMSE & MAE of Random Forest &
Decision Tree Regressors. Upon further scrutiny, our findings indicate a considerably complex picture. In
the Random Forest model, we have the residuals between the true and predicted values that are remarkably
small, showing that the model is not merely fitting the data on the training set but rather learning the patterns
of the problem domain well. For instance, in the year 2007, the actual renewable energy share was 0.050
and the model estimated the value to be 0.04915, leaving a minimum residual of 0.00085. The same level of
accuracy is observed in other years which supports the conclusion that the model is not overfitting the data.
In addition, the decision tree regressor exhibits a superior capability of predicting figures nearer to the actual
measurements, although there is the possibility of slight variations as shown below. These instances can be
expected due to natural variability.
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Figure 15: DT regressor performance over iterations, indicating reductions in MAE, RMSE, MSE, and a rising R? score

Fig. 16 shows the SHAP summary plot for an entire model, which indicates the influence of features
on its output, where Feature Num is greater than or equal to 102. Each dot on the plot is a SHAP value for
each feature of an individual prediction. The scale represents the colour gradient where shades of purple
are used in high values and pink in low feature values. Fig. 16 shows that the SHAP values for all features
are centred around 0, indicating that none of the features significantly contribute to the model’s predictions.
This suggests that the features may be irrelevant to the target variable, or the model might not be effectively
utilizing them. It could also point to issues in data preprocessing or a model limitation where these features
do not provide additional predictive power, resulting in their neutral effect on the model’s output.

The occurrence of the same instances is due to more of the actual data in the model rather than
overfitting. It is typical for decision tree models primarily because of such models’ construction, and often,
such deviations do not mean that the model failed in terms of the ability to predict something and is
overfitting the situation. In such years, bias remains relatively low because the data points are far from the
idealization of the same value and variance remains low because the model stays close to the true values, the
appropriate model leaves the tradeoff between bias and variance optimally solved.
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Figure 16: SHAP (SHapley Additive exPlanations) summary plot

The results presented herein therefore give confidence in the reliability of the models used and their
applicability for forecasting renewable shares in energy. The detailed assessment of residuals such as the near-
perfect correspondence of the predicted values to the true values over diverse years corroborates with our
modelling strategy for forecasting renewable energy consumption by minimizing the effect of noise in the
data. Feature 104 illustrated in Fig. 16, has a wider range of SHAP values that are higher in magnitude than the
previous features and is shown on top. This implies a strong influence over the other prediction-based factors.
Other features such as Feature 51 and Feature 27 also show significant effects but the variations are less than
observed by Mead for Feature 104. Many features have a SHAP value around zero, meaning that feature has
little or no impact on the model’s output decisions for most samples. Table 4 presents a comparative analysis
between the proposed work and related research in the field of AI models used for energy consumption
forecasting. The comparison is structured across three main columns:

This “Techniques Used” column lists the Al methods employed in both the proposed and related works.
For related work, a variety of models such as CNN-LSTM, ANN, LSTM, RE, SVM, DT, and KNN are
mentioned, covering a broad spectrum of modern machine-learning techniques. In contrast, the proposed
work focuses on three specific models: RF Regressor, SVR, and DT Regressor. The “Outcomes” column
presents the key performance metrics of accuracy and error rates for all models like RMSE (Root Mean
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Square Error), MAPE (Mean Absolute Percentage Error) etc. The proposed work has produced near-near
zero error in some cases, which shows considerable improvement over what has been published before by
the related works in terms of MAE (Mean Absolute Error) and RMSE. Finally, the “Use of XAI” column
shows how the proposed work is different by using explainable AI (XAI) techniques, which are not applied
in similar works. Moreover, this incorporation is important since it shows that the suggested models are
not just performing well but also improving their explainability, making them transparent and reliable.
Overall, Table 4 elegantly summarizes the improvements in Al models for energy usage prediction by
juxtaposing simple traditional methods with newer and better-performing alternatives that have taken an
explainable approach. As part of the related work analysis in this study, several previous works utilizing
machine learning and deep learning approaches for renewable energy prediction were presented. Although
these studies have given notable results, most of them fail to include feature importance which remains
crucial when interpreting the results given by a complex model. Previous studies greatly accentuated the
purity of the prediction with little regard for the models’ interpretability. This gap shows that there is a need
for methods that not only can give accurate predictions but can also explain how and why those predictions
are made.

Table 4: Comparison of proposed and related works on Al models used in energy consumption forecasting

Work type Techniques used Outcomes Use of
XAI
Related work Various - RMSE: Ranges from 0.45 to 368 KW No
([21-25,37-41]) (CNN-LSTM, ANN, - MAPE: Up to 0.44
LSTM, RE, SVM, DT, -R%: Up to 0.835
KNN, etc.)

Proposed work RF regressor, SVR, - MAE: Yes

DT regressor - Reduced from 5.61 to 0.0 (RE, DT)

- Reduced from 147.96 to 0.21 (SVR)

- RMSE:

- Reduced from 14.52 to 0.0 (RE, DT)
- Reduced from 378.70 to 0.24 (SVR)

The proposed study does this by integrating SHAP (SHapley Additive exPlanations) values, which
provide a new contribution to the area of renewable energy forecasting. As opposed to some of the older
techniques that incorporate various means that work within an opaque environment, SHAP values can help
explain how the model arrives at a certain conclusion. This approach enables the stakeholders to identify
which of the features have a bigger influence on the trends in renewable energy so that the models involved
become more credible. It should be noted that unlike prior studies, which rarely offer methods for decoding
the results of the chosen model in as much detail, explainable AI techniques like the SHAP values do. In
order to reveal the efficiency of the proposed methods more comprehensively and provide clear evidence for
the enhancement compared to existing methods, it is useful to present a tabular overview of the aspect of
the prior studies.
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4.3 Comparison of Random Forest and Decision Tree Regressors

Comparing Random Forest and Decision Tree Regressors is crucial for understanding their effectiveness
in forecasting renewable energy consumption. Both models are widely used in machine learning for regres-
sion tasks, but they differ significantly in their structure and capabilities. Random Forest, as an ensemble
of multiple decision trees, generally offers improved accuracy and robustness against overfitting compared
to a single Decision Tree. By analyzing their performance metrics, specifically Mean Absolute Error (MAE)
and Root Mean Squared Error (RMSE), we can determine which model provides more reliable and accurate
predictions for renewable energy consumption. The performance of Random Forest and Decision Tree
Regressors was evaluated based on MAE and RMSE. These metrics provide insight into the models’ accuracy,
with lower values indicating better performance.

Random Forest generally performs better than Decision Tree in this context due to its ensemble
approach, which reduces overfitting and improves generalization by averaging the results of multiple decision
trees. This method allows Random Forest to capture more complex patterns in the data, leading to higher
accuracy and robustness in predictions. In contrast, a single Decision Tree can easily overfit the training
data if not properly pruned, resulting in poorer performance on new data. The findings highlight that
Random Forest’s ability to generalize well makes it a more reliable choice for forecasting renewable energy
consumption, providing valuable insights for energy policy and planning.

4.4 Integration of SHAP Values in Model Predictions

SHAP (SHapley Additive exPlanations) values play a crucial role in enhancing the interpretability of
machine learning models by providing a clear understanding of the contribution of each feature to the
model’s predictions. In this study, SHAP values were instrumental in identifying the key drivers of renewable
energy consumption, offering transparency in the decision-making process. By highlighting the importance
of specific features, SHAP values influenced decision-making by improving feature selection, refining model
accuracy, and building trust in the model’s outputs. The integration of SHAP values is justified by their ability
to make model predictions more interpretable and actionable, ensuring that stakeholders can make informed
decisions based on reliable and transparent insights.

5 Discussion

Based on our research results we developed reliable models that accurately predict renewable energy
consumption. Our study hit various practical hurdles that future users should take note of when putting
our models to work. Though Random Forest and Support Vector Regression models can process multidi-
mensional datasets with ease, they need substantial computational power to run. Whereas Hyperparameter
optimization and cross-validation experiments eat up substantial computer processing time. Effective use of
these models tends to surpass hardware limits that keep them from being practical in real-time situations.
By simplifying the model design and refining preprocessing methods, we made computation times more
practical. Our approach of randomized searches and parallel processing during hyperparameter adjustments
made training faster without decreasing capability. Our approach optimizes model training so that it runs
faster while delivering precise results, therefore making it suitable for real-time use.

The outcomes of optimization depend mainly on the quality and availability of data used to train the
system. A model’s predictive accuracy depends entirely on the information contained in its training datasets.
When records are missing or mixed up from sources that have missing data or suffer economic shocks,
our system becomes less effective. Standardization procedures for features normalize the input behaviour to
avoid single-feature effects on model output. We regularly added new information to the system so that its
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models could improve as environmental elements shifted. Our flexible data integration style helps make the
forecasting system work better.

The main challenge in predictive modelling occurs when models achieve superior results with training
data while showing inadequate performance beyond new information. This research used k-fold cross-
validation to stop overfitting. It splits the dataset into different segments so that the model can learn from new
data sets. This approach lets our model predict values effectively for information it has not yet encountered.
We kept hyperparameter tuning short and combined Random Forest ensemble learning to make predictions
from multiple models, which naturally have lower overfitting risk. All methods kept the models from losing
accuracy when used for both teaching and testing purposes. The models proved their capacity to work
with fresh test sets because regular testing demonstrated that they had mastered the information without
becoming dependent on it.

Despite the use of SHAP values to make AI choices more transparent, models such as Random Forest
and SVR still have drawbacks in terms of intuitive result understanding. The decision process within these
models includes many complex numerical operations that prove hard to justify when explainability matters.
Research needs to continue improving our ability to see inside machine learning algorithms including
making better and simpler models or creating better ways to display their inner workings. Future research
needs to find energy forecasting methods that work well while using less computing power. Enhanced data-
gathering techniques and first-hand data access need to be combined with smarter cleaning methods for
forecasting systems that adapt to fast-changing surroundings. Real-time processing algorithms that can
handle larger settings will make forecast systems more useful for users.

Our research adds strong value to renewable energy forecasting by presenting an easier processing
path. Our simplified design plus smart preprocessing methods enable fast computations without needing
too many computer resources for real-time results. Through test-validations and parallel processing, our
models quickly generate highly dependable results at scale. Our experimental results show that our sug-
gested approach can work well in actual working situations. Our testing produces dependable prediction
results across all datasets which confirms how well our optimization tools work. These results show how
successful forecasting depends on running multiple machines side by side while effectively predicting future
energy output.

5.1 Distinctive Approach to Integrating XAI in Renewable Energy Forecasting

»  Comparative Analysis with Prior Studies

This work also employs a type of Explainable AI (XAI) known as SHAP values that distinguishes it
from prior studies. Prior papers have mainly focused on the methods that enhance the accuracy of models
like the LSTM, CNN, or the use of ensemble models, whereas the current paper addresses the problem of
interpretability of the models. For example, in [31,32], Zang et al. and Wang et al. proposed deep learning
frameworks CNN-LSTM to forecast solar electricity and classify the weather, respectively, where the model
learned with very high accuracy but failed to provide an exploration of the features and the visibility of
the decision-making process. Our integration of SHAP values directly fills this void since it offers an easily
understandable solution designed to increase stakeholder trust in AI-driven choices.

«  Unique Benefits of SHAP Values

This study leverages SHAP values to deliver two primary advantages: first, a more comprehensive
feature importance analysis allows the understanding of the contribution of each single input variable as
well as their combined joint effect, and second, the enhanced model interpretability fosters trust in the
application of machine learning models in operational contexts. While conventional approaches for feature
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importance only provide general ranking, SHAP values give detailed incremental contributions of features
to certain predictions. This level of detail makes the resulting models more diagnostic and informative, as
was illustrated in our work, with temporal and policy factors proving pivotal for energy forecasting.

o  Practical Implications for Decision-Making

These improvements in interpretability and feature analysis have pioneering practical consequences.
Overall, our method of making models accurate and interpretable promotes better decision-making in
renewable energy forecasting. Not only the forecasts and the outcomes are important, but the approaches
behind them will also help stakeholders know the reason for such decisions while creating policies and
investing. For example, policymakers use SHAP for temporal and regional contributions to understand the
observed trends in energy resources to address regional imbalances and renewable integration.

6 Conclusions

Utilizing machine learning and SHAP values for improved and transparent energy usage predictions has
demonstrated substantial advancements in energy forecasting. This paper outlined a detailed methodology
that integrates Random Forest (RF) Regressor, Support Vector Regression (SVR), and Decision Tree Regres-
sor within a robust predictive framework. Enhanced by SHAP values, our approach significantly increases
the transparency of the predictions. By offering deep insights into the decision-making processes, this
integration aids stakeholders in crafting policies and managing strategic energy operations effectively. Our
study successfully implemented a series of rigorous steps to optimize the performance of each model. The
initial stage involved thorough exploratory data analysis to understand and prepare the data for modelling.
This was followed by meticulous preprocessing to enhance data quality, which is crucial for achieving reliable
predictions. Subsequent stages involved training and fine-tuning each algorithm, during which the RF
Regressor emerged as particularly effective, characterized by its superior predictive accuracy and reliability.

In the pursuit of enhancing our forecasting models, we envision three key areas for future research:
Firstly, expanding the diversity of datasets to encompass a variety of building types, climatic zones, and
external environmental factors, which would allow for more precise model adaptation across diverse
global contexts. Secondly, the integration of real-time data processing through cutting-edge online learning
models and edge computing would enable immediate and dynamic decision-making capabilities. Lastly, the
exploration of combining SHAP values with other sophisticated machine learning frameworks to deepen
analytical insights and expand the machine learning applications in energy forecasting. Addressing these
areas will not only resolve existing limitations but also maintain the state-of-the-art status of our predictive
models, reinforcing their role in strategic energy policy and planning.

Additionally, because SHAP explanations are transparent, stakeholders—from consumers to
policymakers—can confidently use these models for real-world applications, boosting confidence in
solutions that utilize Al In the end, this study opens the door to more intelligent, data-driven power
systems that strike a compromise between comprehensibility and effectiveness, thereby promoting more
environmentally friendly energy usage.
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IEA
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DL

International Energy Agency
Machine Learning
Deep Learning
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GBM  Gradient Boosting Machines

RF

Random Forest

CNN Convolutional Neural Networks

LSTM Long Short-Term Memory

ESAT Experimental Self-Attention Transformer
SVM  Support Vector Machine
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Support Vector Regression
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