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1. INTRODUCTION

There is a growing need for electricity and as renewables are promoted in every nation, traditional
sources like fossil-based generation are retiring in phases. Renewable energy sources (RESs) are already
gaining popularity due to their abundance, as they are not going to deplete anytime soon. This transition from
conventional to RESs is now under consideration to enable a renewable and sustainable planet, but the
primary challenge is their integration with the utility grid. The incorporation of renewables will change the
energy landscape, which seemed unrealistic almost a decade back and will eventually become the need of the
hour.

The integration of renewables in the energy mix is not a pressing issue, but it becomes a prominent
one when the share of RESs increases. This action requires proper management as the inertia of the
traditional set-up disturbs and to handle this challenge, utility operators are hesitant when it comes to the
scheduling and dispatch of electricity. In light of this brief note, harnessing artificial intelligence (Al) comes
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as a blessing in disguise, which not only makes the integration of renewables seamless but also makes it
relatively easier for the utility operators from a management and control perspective.

The relevant literature is reviewed, which underlines the work reported in this domain and to begin
with, Zaharuddin et al. [1] discussed the role of Al in the energy sector to facilitate the operation and
management of RESs. Al is utilized to enhance the efficiency of renewables in line with optimizing resource
management. It has been claimed that utilizing Al can not only escalate the energy management portfolio
(EMP) but also enhance the overall structure of the energy systems. Kristian et al. [2] discuss the role of
convolutional neural network (CNN) and long short-term memory (LSTM) in improving resource
management efficiency by predicting the accurate data of RESs, followed by the optimization and finally the
automation of weather-dependent renewables. Accurate predictions are not only helpful for the decision-
makers but also provide information to the utility operators so that the balance between supply and demand
can be maintained with minimal errors. Agomua et al. [3] presented a detailed study regarding the prediction
of energy consumption through linear regression and employed PSO for resource allocation in energy-
efficient cloud computing environments. The optimization technique is particularly used to minimize the unit
count in cloud resource allocation. Although there were some fluctuations in the initial phase as the iteration
progressed, subsequently, stabilization is observed as per the Author's claim. Finally, there has been an
improvement of 83% in the accuracy in the context of forecasting future resource demand. Jha et al. [4]
explained the role of Al in attaining the goals of renewable energy in the power sector. The study listed
applications of viable Al technologies in various renewable sources (RSs), which can be a driving force in
changing the landscape of the energy sector for a just energy transition. Interfacing Al with RSs can not only
enhance the performance of sources but can also play a decisive role in framing new policies to reduce the
threats related to cybersecurity. Rashid et al. [5] offered a review regarding the importance of Al in the
renewable energy domain (RED) to help integrate large-scale renewables in modern power systems.
Primarily, three main areas where Al can improve the existing performance are discussed viz., prediction and
forecast of renewables following their integration in the energy mix and finally optimizing the energy system
to leverage its true potential. The authors also discussed big data structuring which can analyse the event of
failures, risk-based analysis, maintenance as and when needed and finally the consolidation of asset
management. Boza and Evgeniou [6] offered an economic model to reduce the integration of renewable
energy in the power sector through Al technology. The potential of value-based creation is explored and the
role of Al in enhancing this aspect is suggested by discussing multiple cases. Generation and demand
forecasting are suggested to mitigate the profile and balance cost-related issues, along with an appropriate
market design that is more flexible from an operational point of view. The research concluded by
highlighting that Al offers promising avenues when linked with renewable energy generation and can also be
a potential tool in reducing the integration costs associated with it. Bennagi et al. [7] reviewed the impact of
Al and the leverage it provides in the field of renewable-powered energy systems. Interfacing Al techniques
can not only improve the overall efficacy of the system but also be a major stimulant in cost reduction and
minimizing complexities as well. Various approaches to Al are listed that can accelerate innovations in the
renewable energy field. The authors have also discussed the Al-related applications in control and
management aspects and concluded their study that a correlation between machine learning and deep learning
models will be a potential solution in making renewable energy systems (ESs) smarter. The researchers [1]-
[7] explores the role of Al in renewable energy prediction.

Rusilowati et al. [8] emphasize the role of Al in optimizing the RESs by combining quantitative as
well as qualitative methods. Apart from improving energy efficiency, Al also helps in reducing waste and
supports sustainability. By implementing Al, there is a substantial increase in the cost-benefit of solar, wind
and biomass energy. Ahmad et al. [9] emphasized the need for developments going on digital technologies
front, which has the potential to change the energy landscape. The incorporation of Al techniques in the
energy industry is expected to enhance the control and management aspects. Moreover, the potential of Al in
expanding the future and digital energy market in line with the impact of big data is discussed. The support of
Al in advancing the energy field is also highlighted, particularly the role of deep learning can simplify energy
trading in real-time with minimal errors. Al techniques are powerful in making the power network more
robust and resilient enough to initiate self-healing as and when required during peak operational hours.
Pandey et al. [10] performed optimized scheduling of a virtual power plant (VPP), which can perform
effective aggregation of associated renewable resources. The economic aspect of VPP is underlined in this
work and the profit margin is improved by employing advanced optimization techniques. The study
concludes by stressing the fact that reducing reliance on fossil-based resources is becoming the need of the
day in the present time to promote the adoption of renewables on a large-scale integration. The researcher
[8]-[10] describes the role of Al in optimizing various resources.

Danish et al. [11] discuss a multi-disciplinary approach by curating exhaustive literature that dates
back from 1957 to 2022, as far as Al applications are concerned, especially the role of Al in energy trading
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platforms. The study further carried out by emphasized the significance and essentialities of Al and machine
learning (ML) in power systems, which can not only advance the overall operation but can also facilitate
large penetration of renewable energy to further advance the smart grid technologies.

The main challenge lies in making the centralized structure flexible through software-based
technologies, as enormous data exchange is required through information and communication technologies
(ICTs) and introducing Al in ICTs will only improve the existing data transfer capability. Cheng and Yu [12]
go beyond Al and discuss the new generation of Al i.e., Al 2.0. The authors further emphasized the role of
Al 2.0 in advancing the rapid development and improvement of smart power and energy in electric power
systems. Overall, a detailed survey regarding Al, Al 2.0, ML and energy internet (EI) is carried out in power
system fields. Finally, analysing, judging, optimizing, and decision-making make the Al the most viable tool
to further exemplify the energy times classification, energy 1.0 to energy 5.0, which ranges from dormant
energy-based natural resources to the advanced systems based on parallel energy transfers to make this sector
more responsive. Kumar et al. [13] highlighted the concept of enabling Al and internet of things (1oT) based
multi-channel communication in modernized power system structures to enhance the capability of distributed
energy resources (DERSs). The authors further emphasized that lucrative features through Al i.e., detect, react,
and pro-act, can enhance the resiliency and stability of electrical networks. Dellosa and Palconit [14]
discussed the impact of Al in managing power system operations along with maintaining the control aspects
of renewable-powered energy systems. Various Al-based conventional and advanced techniques i.e.,
artificial neural network (ANN), backpropagation neural network (BPNN), Radial basis function neural
network (RBFNN), seasonal autoregressive integrated moving average (SARIMA), and adaptive neuro-fuzzy
inference system (ANFSIS), are discussed which are utilized to predict solar power. However, ANN is
emphasized in this work due to its higher accuracy, relatively shorter average computation time and
eventually a cost-effective tool. Ahmad et al. [9] emphasized the need for developments going on the digital
technologies front, which has the potential to change the energy landscape. The incorporation of Al
techniques in the energy industry is expected to enhance the control and management aspects. Moreover, the
potential of Al in expanding the future and digital energy market in line with the impact of big data is
discussed. The support of Al in advancing the energy field is also highlighted, particularly the role of deep
learning can simplify energy trading in real-time with minimal errors. Al techniques are powerful in making
the power network more robust and resilient enough to initiate self-healing as and when required during peak
operational hours. The researchers [9], [11]-[14] explores the importance of Al in grid integration and power
system network upgradation.

The relevance of renewables in promoting the sustainability aspect from a holistic point of view is
discussed which can also uplift the overall enhancement in the energy sector by enabling Al-based
techniques. Various Al-driven methods also play a huge role in a true prediction of generation from the
variable renewable energy sources. This is followed by securing the threats introduced when Al-based
techniques are employed and preventing these fragile cyberattacks which can lead to disturbance in the field
of the energy sector. Following the analytical prediction of production and consumption, optimizing these
patterns can not only save energy but can also facilitate surplus power to fulfil future requirements.
Nonetheless, there exist some challenges in the adoption of Al in the energy domain and exhaustive policies
will be a key in deploying these advancements to enable state-of-the-art robust methods by maximizing
precision and accuracy. Annual solar forecasting is typically utilized for capacity planning, financial
modelling, infrastructure development, policy and procurement. Long-term forecasting helps utilities and
grid operators to determine how much solar capacity is required to meet future demand. Investors and
developers rely on long-term forecasts to assess the financial viability of solar projects. To sum up, this work
emphasizes Al-driven approaches for future trends that can not only leverage the potential of existing
renewable-based energy systems but also transform the energy sector, technologically advanced by
improving their performance.

The rest of the paper is organized as follows: section 2 discusses the materials and methods, in
which the status of sustainable energy sources, along with the artificial intelligence implications. Section 3
comprises results and analysis, followed by section 4, in which discussions are listed and finally section 5
consists of conclusion, limitations, and future work.

2. METHOD
2.1. Sustainable energy sources

The energy sector plays a key role in deciding the future of any nation and they are of utmost
importance to achieve sustainability in the energy landscape. The majority of the energy resources are often
based on conventional approaches, which are fossil and gas-based power plants for electricity generation,
which are not sustainable. In the past decade, there has been a paradigm shift in the selection of these
resources to improve the way electricity is produced, following which renewables are now considered the
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major catalysts towards transitioning into a clean and green ecosystem. The primary renewable resources are
solar and wind-based generation, which currently hold the maximum amount of share in the energy mix and
are therefore considered as most prominent contributors. Earlier, the primary reason for the limited share of
renewables in the energy mix was the lack of technological advancements, but as Al-based techniques are
evolving, this issue will be mitigated shortly. Also, intermittency is another aspect that makes solar and wind
sources unpredictable and relatively less reliable. However, this can be compensated by installing energy-
based storage systems to accumulate the surplus power generated when the sun is shining the most and the
wind is blowing impeccably to ensure an uninterrupted power supply.

The global inequalities concerning energy demand also need to be analyzed, as the developed and
renowned nations may have enough financial capital to invest in renewables, which developing nations may
not have and therefore immediate shift to renewables is not possible. However, the rapid increase in energy
demand can be fulfilled by installing solar rooftop solutions in residential premises and utilizing the true
potential of solar power and this is very much possible as Bharat is considered as Surya Putra country,
specifically with context to the Indian perspective. This way, renewable-powered energy solutions can slowly
increase their overall share in the energy mix and eventually overtake the conventional-based generations by
merging the advancements in renewable technologies with Al-powered energy solutions. The Government of
India (Gol) is driving the change by putting maximum efforts through their excellent policies and schemes
viz., PM Surya Ghar: Muft Bijli Yojna, and PM Kusum Yojna [9], [15]. These innovative schemes will not
only accelerate the renewable-specific target for India but also empower its citizens to become Atmanirbhar
(self-reliant India) on the energy front. It is important to note that the nation's schemes must be supported by
international communities to advance sustainable actions that not only improve the ecosystem of the nation
but also highlight the nationally development contributions (NDCs) to empower a sustainable energy future.
Nonetheless, economic feasibility is important as shifting completely to renewables without any robust
backup will make the power system vulnerable by affecting its operations. Hence, swift transitions are not
only viable but also practical from both government and utility points of view in achieving the energy,
environmental and economic goals. This sustainable energy transition (SET) is therefore becoming the need
of the present day and Al is anticipated to play a major role in this transition. The world electricity
production from renewables in percentage by 2023 is given in Figure 1 [16].

m Europe
CIS
North America
Latin America
m Asia
m Pacific
m Africa

® Middle East

Figure 1. Percentage of electricity production by renewables in the year 2023

The maximum contribution is from Latin America, followed by Europe, and 11% of electricity is
produced from renewables in Asia by 2023. The variety of RESs and their possible combinations in hybrid
configuration setup are listed in Table 1 [4].
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Table 1. Categories of sustainable energy sources and their combinations

Energy resource Single type Hybrid configuration
Wind energy a. Wind turbine PV-wind ESs
b. Wind mill PV-wind-batteries ESs
Solar energy a. Photovoltaic PV-wind-batteries ESs
b. Thermal PV-wind-hydrogen ESs
Geothermal energy a. Dry steam power plant PV-wind-batteries-hydrogen ESs
b. Flash steam power plant PV-hydrogen ESs
c. Binary steam power plant
Hydro energy a. Large hydro PV-hydrogen ESs
b. Small hydro PV- batteries-hydrogen ESs
¢. Micro hydro Wind-hydrogen ESs
Ocean energy a. Wave energy Wind-hydrogen ESs
b. Tidal energy Wind-diesel-hydrogen ESs
¢. Ocean thermal energy Wind-diesel-batteries ESs
Bioenergy a. Biogas PV-diesel-batteries ESs
b. Liquid biofuels
¢. Wood

2.2. Data source for solar energy
The various solar energy data provider and their details are provided in Table 2 [17]. In the present
paper measured PV data available on GitHub is used for the analysis.

Table 2. Data source provider of solar energy

Data source provider Type (model/measured) Description
NREL (NSRDB) Model Satellite-based irradiance data is used
PVsyst (Meteonorm) Model Synthetic data based on historical weather patterns
Solargis Model High-resolution solar resource data
Renewables.ninja Model Global PV simulation tool using real analysis data
PVGIS (EV) Model Historical and meteorological yearly data are provided by
the European Commission
Measured vs simulated PV (Github) Measured Real PV output data from installations
OSM-MEPS (IEEE Data Port) Measured High-resolution irradiance data across multiple regions

2.3. Artificial intelligence for sustainable energy solutions

Sustainable energy technologies, including biomass, wind, hydropower, solar and geothermal, were
firmly established and continuously emerging before the implementation of Al. Improvements in efficiency,
cost reduction, and environmental considerations were the main goals of these technologies’ development,
even though Al has certain restrictions and difficulties in implementation. One of the main lacking aspects
was the reliance on conventional methods for data analysis and decision-making, which often lacked real-
time insights and predictive competencies. The added expenses of infrastructure, data collection, and
algorithm training that came with incorporating Al into RESs, particularly in less developed regions,
hindered the adoption. Concerns were also raised about data security, privacy, and the possibility that Al
algorithms will worsen prejudices or disparities in energy distribution and access [18]. With the incorporation
of smarter systems like Al-based techniques, RESs are growing more sophisticated, resilient, and responsive.
Al plays a major role in SE, such as the prediction of energy consumption of the solar system, the prediction
of wind speed, and solar radiation. Though understanding the intricate thinking of a human brain is a difficult
task to solve, Al aims to comprehend human thinking to create intelligent entities that will perform
efficiently for some challenging problems. The difficulty of manual computing was lessened by
advancements in the field of Al. The application of Al in various sustainable resources is shown in
Figure 2 [4].

The solar energy prediction using machine learning algorithms is presented in Figure 3. According
to the literature, Al is mainly adopted to predict sustainable power, cyber-attacks in the renewable energy
field and optimize the intake of sustainable energy with growing technology, as shown in Figure 4 [19]. Al
can predict energy production from renewable sources like solar and wind by analyzing weather patterns and
historical data. This helps in better planning and utilization of energy resources in a sustainable manner.
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Figure 2. Al application in various sustainable sources
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Figure 3. Solar energy prediction using machine learning algorithms
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Figure 4. Application of Al in the field of sustainable energy

A workflow describing the Al pipeline is given as follows:
Step 1: Data acquisition - load data from the source

Step 2: Data preprocessing - clean the data

Step 3: Feature engineering - extract relevant features

Step 4: Model selection - choose an appropriate model

Step 5: Train/test split - split data into training and testing sets
Step 6: Model training - model on training data

Step 7: Model evaluation - predict on test data

Step 8: Inference - predict on new data

Step 9: Deployment

Developed a model using an echo state network convolutional neural network (ESNCNN) platform
to find an energy equilibrium between the grid and energy production resources [20]. Different machine
learning approaches, specifically deep learning methods, utilized for the prediction are compared effectively
[21]. Different machine learning approaches used for load, frequency, and voltage prediction in power
systems are compared comprehensively and proposed a machine learning predictive approach using network
topology [22]. The RESs selection and sizing optimization is performed under multi multi-objective
approach. The performances in minimizing the multi-objective functions for the on-grid and off-grid
microgrids are verified [23]. The virtual power plant comprising renewable energy sources cost of operation
is optimized by Gold Jackel optimization [24]. The non-linear optimization methods are applied to optimize
hybrid microgrids, which include solar, wind and diesel energy sources. The total system cost is minimized
while maintaining the reliability [25].

The digital green supply chain implementation potentially improves corporate eco-innovation. The
organizational structure, key drivers’ technology, human factors and environmental context strongly
influence both internal integration and external collaboration [26]. The digital adoption and innovation
performance in small and medium-sized enterprises plays a crucial moderating role is explored. The digital
transformation is an integrated system where interconnected components collectively enhance innovation
[27]. Al digital employee adoption drives future sustainable innovation in TikTok-based online retail, using
the adoption innovations future performance framework grounded in the antecedents’ behaviour
consequences model [28].

Solar energy is uncertain in nature, influenced by weather, cloud and time of day. Accurate
forecasting is crucial for grid stability, efficient distribution and energy storage. The Al is revolutionized in
the area as follows: use of advanced machine learning models, satellite and sensor integration, hybrid and
ensemble systems and analysing the real-world impact. There are several challenges and opportunities for
more research when it comes to using Al in renewable energy research. The intricacy and cost of Al
algorithms used in the planning, development, and management of RESs must be the primary focus. For
these models to be widely used and scaled, they must be made more affordable and simpler. The Al
approaches in various sustainable sources are listed in Table 3 [4].

Table 3. Al approaches in major sustainable energy sources

Energy sources Single type Hybrid type
Wind energy BPNN, ANFIS, ADLINE, and fuzzy methods Wind speed and wind power prediction
Solar energy BPNN, adaptive neuro-fuzzy inference system (ANFIS), Solar radiation, energy, and power prediction
and regression methods

Geothermal energy ~ BPNN, ANFIS, EA, and fuzzy logic Geothermal power prediction, map
generation, and site location modelling

Hydro energy BPNN, KNN, ANFIS, and fuzzy logic Hydropower plant scheduling, river flow
prediction, and power discharge estimation

Ocean energy BPNN, ANFIS, and fuzzy logic Sea level prediction and wave parameters
prediction

Bioenergy BPNN, GRNN, and RBFNN Density prediction and prediction of biogas
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3. RESULTS

Numerous learning theories, such as neural, statistical, and evolutionary learning, were created in
literature publications, which are used in the development of Al. Several researchers discussed neural
networks (NN), which are the most frequently utilized learning algorithms. The major classifications of Al
approaches are ML techniques, and metaheuristic algorithms (MA). ML techniques are further classified as
deep learning (DL), ANN, principal component analysis, bayesian model averaging, support vector machine
and random forest. In the present work, an ML-based supervised learning technique (SLT), linear regression
(LR) method, is applied for annual solar energy forecasting (SEF). This forecasting extends for the
subsequent 365 days and provides insights for the upcoming days. SEF optimizes energy management
systems and helps in optimizing resource allocation based on precision and accuracy. The LR model uses a
set of independent variables such as meteorological, temporal and system configuration that influence the
solar output. The LR models the relationship between input features and the target output. The flow of the
model is depicted in Figure 5. The predicted solar energy is evaluated on the basis of mean squared error
(MSE) and R-squared values. The non-linear effects can be captured by extending the model to polynomial
regression. The LR model provides a transparent and interpretable baseline for solar energy prediction. While
it may not capture complex non-linear dynamics, its simplicity and speed make it ideal for initial modeling,
benchmarking, and integration into larger forecasting scenarios.

Input —— Predicted

Regression
Features Model Output

Figure 5. Linear regression model flow

The model captures the most relevant predictors of output by avoiding overfitting. The model is
selected based on the physical relevance, statistical significance and model interpretability. Time-based split
is employed for the analysis. Solar energy technology is advancing in multiple horizons and the interfacing of
ML will only improve its effectiveness. These processes excel in modeling intricate relationships among
complicated patterns of weather data, PV components, location and improving the overall forecasting
precision. A one-year prediction horizon is applied for annual solar energy output. The simulation is
performed on an Intel (R) Core (TM) i5-11300H @ 3.11 GHz, 8.00 GB RAM. The true values of solar
energy for 365 days are shown in Figure 6. The electricity generated largely depends on the solar irradiation
and location. The numerical results are listed in Table 4. The gaussian process regression tended to have an
RMSE of 1.4006 e+1land an R-squared nearer to 1 and shows how the regression fits the line data. The
maximum energy of 3.62x107 W/m? and the minimum energy of 2.18x107 W/m? are generated. The predicted
values of solar energy over a year are shown in Figure 7. True responses are very near to the predicted values
and the true response versus predicted response is shown in Figure 8.
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Figure 6. True values of solar energy over a year
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Table 4. Various Al approaches applied in major sustainable energy sources
Parameter Rational quadratic  Linear SVM  Robust linear regression

RMSE 3.7425 e+05 4.2576 e+06 4.1065 e+06
R-squared 0.98 0.07 0.14
MSE 1.4006 e+11 1.8127 e+13 1.6863 e+13
MAE 2.7273e+05 3.1579e+06 3.1932e+06
Training time 12.828 sec 3.362 sec 2.901 sec
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Figure 7. Predicted values of solar energy over a year
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4. DISCUSSION

The incorporation of renewables often faces uncertainty due to their unpredictable nature and that is
why they are called variable renewable energy sources. The volatile nature of renewables often poses
challenges in predicting the power generation as the intensity varies based on the day and night. These
uncertainties can be addressed by incorporating Al-based method, which makes the forecasting and
prediction accurate without any manual intervention which making these techniques a potential solution. This
work emphasizes the importance of applying Al technology to enable the renewable integration with the grid
by reducing the uncertainties associated with it.

Photovoltaic (PV) energy is poised to become a major global electricity source due to its abundance,
affordability and scalability, and PV forecasting is a key element in its successful integration and utilization. It
enables better grid management, facilitates the efficient use of energy storage, enhances grid stability and
supports economic decision-making for both individual solar users and larger utility-scale projects. However,
the variable nature of weather poses challenges, making accurate PV energy forecasting, which reduces
generation-load mismatch and supports PV integration. Automating circuit breakers and relays under fault
conditions, identifying and preventing lightning strikes on transmission lines, enhancing geothermal plant
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efficiency through 10T and Al, and controlling load demand for wind and solar power farms during severe
weather are some of the major real-time challenges. Although additional and in-depth research may be required
to confirm other associated challenges of Al techniques, like security threats, data scarcity or cost estimations.

There is a lot of scope for further research related to the accessibility of data, safeguarding models,
security threats, optimization of Al integration, microgrids and SES's operational independence with Al [18].
Annual forecasting has a time horizon of one year, whereas short-term forecasting has minutes to days.
Annual forecasting helps in long-term planning, investment and it requires historical data for analysis. Short-
term forecasting helps in grid operations, energy trading and load balancing. Real-time weather data is
required for the analysis. Strategic implications for grid operators planning renewable integration are
enhanced grid stability, optimized resource allocation, support energy trading, pricing, infrastructure
planning and unit commitment decisions. Limitations under extreme weather conditions are reduced accuracy
during anomalies, sensor and module vulnerability and model rigidity.

5. CONCLUSION

This paper emphasizes the need for RESs in the overall energy mix to fulfill the ever-increasing
demand for electricity. Renewables are a viable option over conventional-based electricity generation, but
their volatile nature remains a challenge for the utility operators, which hinders the progress towards a swift
energy transition. To overcome this barrier, an Al approach is utilized to alleviate the true potential of RESs,
which can increase the prediction accuracy. Various Al-related approaches for RESs are discussed along with
their wide applications and their possible combinations to leverage the power production capacity in a hybrid
manner. The true and predicted values are also determined through Al for 365 days and the result reveals the
precision and accuracy due to the state-of-the-art Al-based technological advancement.

It is observed that utilizing Al for RESs not only enhances the responsiveness of solar-based energy
generation and at the same time reduces the prediction error rate to a considerable extent. Therefore, this
work has the potential to be a foundation for aspiring researchers and policymakers to intensify the utilization
of Al as long as it satisfies the need for power without much complexity. This work does have a few
limitations i.e., integration of Al required in the energy sector is suggested, but its adoption on a large scale is
subject to further exploration regarding this technology. Also, the wide acceptance of Al is not encouraged
by everyone when it comes to a compromise between the existing jobs of skilled laborers. Therefore, these
points are to be taken into consideration while adopting Al at a large scale to avoid any detrimental
consequences.

The present work does have a few limitations i.e., integration of Al required in the energy sector is
suggested, but its adoption on a large scale is subject to further exploration regarding this technology. Also,
the wide acceptance of Al is not encouraged by everyone when it comes to a compromise between the
existing jobs of skilled laborers. Therefore, these points are to be taken into consideration while adopting Al
at a large scale to avoid any detrimental consequences. The quality issues associated with the data reduce
accuracy and result in unreliable predictions. Poor generalization, limits scalability, risk of overfitting, grid
integration challenges and high computational cost.

Future work will consider the balancing of environmental, as well as social and economic aspects,
while addressing sustainable energy solutions through Al applications. Design an Al control architecture for
hybrid microgrids and develop a real-time forecasting framework using ensemble learning and uncertainty
quantification. Introducing a digital twin of a hybrid MG with real-time forecasting applications to
revolutionize the energy sector.
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