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ABSTRACT

The increasing integration of renewable energy sources into microgrids (MGs) under-
scores the need for accurate demand forecasting to ensure stable and efficient MG 
operation. However, the inherent unpredictability of renewable energy sources presents 
significant challenges in energy management. This study aims to develop and validate 
an AI-driven demand forecasting model that improves prediction accuracy compared 
to traditional methods, thereby enhancing energy management in renewable MGs. A 
hybrid forecasting model that combines long short-term memory (LSTM) networks and 
convolutional neural networks (CNNs) was proposed. The model leverages historical 
energy consumption and meteorological data for training, ensuring robust and accurate 
predictions. Data preprocessing, training, and validation were performed meticulously 
to evaluate performance. The proposed model was compared with traditional forecast-
ing techniques, including ARIMA and Exponential Smoothing, to assess its accuracy. The 
hybrid LSTM-CNN model demonstrated superior performance, achieving an R2 value of 
0.87, a mean absolute error of 1.45 MWh, and a root mean squared error of 2.12 MWh. 
These results significantly outperform conventional forecasting methods, such as ARIMA 
and exponential smoothing, highlighting the model’s enhanced accuracy and ability to 
address key challenges in renewable energy forecasting. This study establishes the effec-
tiveness of the hybrid LSTM-CNN approach in terms of improving the demand forecasting 
of renewable MGs. The model’s superior accuracy provides a reliable tool for real-time 
decision-making, energy distribution optimization, and cost reduction. Policymakers and 
energy stakeholders can use these insights to develop sustainable energy systems, with 
future research focusing on scaling up the model and exploring behavior and market 
pricing to improve forecasting precision.
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Introduction

Background and context

Energy management plays a crucial role in opti-
mizing the efficiency and dependability of distrib-
uted energy systems. Renewable microgrids (MGs), 
which incorporate renewable energy sources such 
as solar, wind, and hydropower, provide sustainable 
energy options, especially in isolated regions.

Effective energy management ensures opti-
mal use of these resources, waste reduction, and 
improved system performance. Balancing the sup-
ply and demand in MGs enhances energy security 
and reduces fossil fuel dependency, contributing to 
environmental sustainability [1–4]. Because renew-
able energy sources are unpredictable and spo-
radic, projecting demand for them poses particular 
difficulties [5–7]. Unlike traditional energy sources, 
renewable energy output fluctuates according to 

mailto:ariy@unilorin.edu.ng
https://orcid.org/0000-0001-6717-9365
https://orcid.org/0000-0002-3744-046X
https://orcid.org/0000-0003-2050-8728
https://orcid.org/0000-0001-8371-2465
https://orcid.org/0000-0001-8592-8438
https://orcid.org/0000-0002-53955375


2	 www.wisdomgale.com/jerr/

B.O. Ariyo, L.M. Adesina, O. Ogunbiyi, A. Musa, B.J. Ojuolape, M.O. Balogun

weather conditions, time of day, and season [8]. 
This fluctuation makes it more difficult to esti-
mate energy supply and demand accurately, which 
could lead to MG instability. Conventional forecast-
ing techniques, which frequently rely on statistical 
models and historical data, find it difficult to take 
these swings into account, leading to less accurate 
predictions and inefficient energy management 
[9–11].

The role of AI in enhancing demand forecasting 
accuracy

In renewable MGs, artificial intelligence (AI) 
improves the accuracy of demand forecasts. AI tech-
niques, such as machine learning and neural net-
works, can examine big datasets and spot intricate 
connections that conventional approaches might 
overlook [12–14]. AI models can adjust to chang-
ing situations and produce forecasts that are more 
precise and timelier by learning from past data as 
well as real-time inputs. A more stable and effective 
MG operation is ensured by this increased accuracy, 
which makes it possible to plan and manage energy 
supplies more effectively [15–17]. AI-powered 
demand forecasting may also consider outside vari-
ables like market trends and weather predictions, 
which improves its predictive power [18,19].

Accurate demand forecasting is crucial for main-
taining the stability and efficiency of renewable 
MGs. Precise predictions allow MG operators to 
optimize energy resource use while minimizing 
waste and reducing operational costs [20]. Accurate 
forecasts enable better scheduling of energy stor-
age and generation activities, ensuring that the sup-
ply meets the demand even during low renewable 
energy output periods. This leads to improved reli-
ability and resilience of the MGs, reducing the risk 
of blackouts and enhancing overall system perfor-
mance [21–23].

Impact of renewable energy adoption and 
sustainability

Improving demand forecasting accuracy through 
AI significantly impacts renewable energy adop-
tion and sustainability. Demonstrating reliable and 
efficient renewable MGs will increase confidence in 
these systems and encourage wider adoption. This 
helps mitigate climate change by lowering green-
house gas emissions and promoting a switch to a 
sustainable energy landscape [24]. Additionally, 
efficient energy management in renewable MGs 
can lower costs and make renewable energy more 

competitive with traditional sources, further pro-
moting its adoption [25].

Applying conventional forecasting techniques to 
renewable energy sources has several drawbacks. 
These techniques frequently depend on historical 
data and basic statistical models, which may not 
adequately represent the complexity and fluctua-
tions of renewable energy production. As a result, 
traditional forecasts can be inaccurate, leading to 
suboptimal energy management decisions [26]. 
Furthermore, these methods cannot typically adapt 
to real-time changes and incorporate external fac-
tors, limiting their effectiveness in dynamic envi-
ronments like renewable MGs [27].

Innovative AI-driven strategies are required to 
overcome the shortcomings of conventional fore-
casting techniques; AI models use sophisticated 
algorithms and big datasets to produce forecasts 
that are more flexible and accurate [28]. AI-driven 
methods provide a more thorough picture of energy 
supply and demand by combining real-time data 
with outside variables like market movements 
and meteorological conditions. This improves the 
efficiency and dependability of renewable MGs by 
enabling more proactive and effective energy man-
agement [29,30].

The main objective of this research is to develop 
and evaluate an AI-based model for renewable MG 
demand forecasting. This study aims to demon-
strate how AI can improve the accuracy of demand 
forecasts and enhance energy management prac-
tices. The objectives are as follows:

1. �To develop a robust AI-driven demand fore-
casting model that can be tailored to the 
unique characteristics of renewable MGs.

2. �To compare the accuracy and dependability 
of the model’s performance to that of conven-
tional forecasting techniques.

3. �To analyze the impact of AI-driven demand 
forecasting on the stability and efficiency of 
renewable MGs.

4. �To provide helpful advice and suggestions 
for applying AI-based demand forecasting to 
actual MG situations. 

The remainder of this paper is structured as fol-
lows: Theoretical Analysis, Materials and Methods, 
Results and Discussion, and conclusions.

Fundamentals of demand forecasting

Demand forecasting is the practice of estimating 
future energy use by considering past performance, 
present patterns, and additional influencing vari-
ables [30]. It is an essential component of energy 
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management, especially in renewable MGs where 
dependability and efficiency depend on the careful 
maintenance of the supply-demand balance.

Accurate demand forecasting enables better 
resource allocation, optimal operation of gener-
ation and storage units, and reduction of energy 
wastage [31,32]. Consequently, this results in 
reduced expenses and improved energy system 
reliability [33,34]. 

Time series analysis, regression models, and 
probabilistic forecasting are key concepts in 
demand forecasting. The mean absolute error 
(MAE), mean squared error (MSE), and root mean 
squared error (RMSE) are three metrics frequently 
used to assess forecasting accuracy. By evaluating 
the discrepancy between the anticipated and actual 
energy usage, these measures help improve the 
forecasting models [35].

Structure and components of renewable microgrid 
systems

Renewable MGs are localized small-scale energy 
systems that integrate energy sources, such as wind 
turbines, solar panels, fuel cells, and battery storage 
systems [36–40], as presented in Figure 1.

These energy sources can work with the main 
grid or independently [41], wind turbines generate 
electricity from wind energy, and photovoltaic cells 
generate sunlight. Fuel cells provide continuous 
electricity through chemical reactions and act as 
reliable backup sources. The battery system stores 
excess energy from the PV cells and wind turbines, 
ensuring a stable power supply during fluctuations. 
The DC bus bar directly distributes the direct cur-
rent power to the DC loads, which consume DC elec-
tricity directly. A dump load safeguards the system 
by absorbing surplus energy that cannot be stored 
or used, thus preventing overvoltage. Inverters 

convert DC electricity into alternating current (AC) 
for AC loads and grid connections. Power manage-
ment systems monitor and optimize component 
operations to ensure efficient energy conversion, 
load balancing, and system stability [42].

MGs powered by renewable energy face cer-
tain challenges that are not usually present in 
conventional systems. These include the require-
ment for advanced energy storage technologies, 
the erratic and intermittent nature of renewable 
energy sources, and the integration of various gen-
erating units [43,44]. Additionally, renewable MGs 
often operate in isolated or remote areas, which 
increases the complexity of their design and oper-
ation. Efficient demand forecasting is particularly 
challenging in this context because of the dynamics 
of renewable energy sources and the lack of exten-
sive historical data [45].

AI techniques for demand forecasting: an overview 
of AI methods 

AI techniques have revolutionized demand fore-
casting by providing advanced methods capable of 
handling complex and nonlinear relationships in 
data. Common AI methods include machine learn-
ing algorithms [46] (e.g., support vector machines, 
decision trees), neural networks [47] (e.g., feedfor-
ward, recurrent), and deep learning models (e.g., 
convolutional neural networks, and long short-term 
memory networks). These methods excel at pattern 
recognition and can process large volumes of data 
to make accurate predictions.

The comparison of AI tools to conventional sta-
tistical methods revealed various advantages. They 
are incredibly strong and versatile because they 
can recognize and adjust to new patterns in data. 
Energy consumption patterns frequently involve 
nonlinearities and variable interactions, which 

Figure 1. Schematic diagram of a renewable MG system.



4	 www.wisdomgale.com/jerr/

B.O. Ariyo, L.M. Adesina, O. Ogunbiyi, A. Musa, B.J. Ojuolape, M.O. Balogun

AI models can handle [48]. Additionally, AI can 
improve prediction accuracy by incorporating real-
time data and external elements like market trends 
and weather. As a result, forecasts become more 
accurate and reliable, which is crucial for the suc-
cessful operation of renewable MGs [49].

AI-driven demand forecasting has demonstrated 
notable gains in accuracy and reliability compared 
to traditional methods. Studies have shown that 
machine learning models, such as decision trees 
and support vector machines, outperform con-
ventional statistical models in predicting energy 
demand [50]. Deep learning models and Neural 
networks have also been extensively studied, with 
results indicating their superior performance in 
handling complex and high-dimensional data [51]. 
In addition, hybrid models that combine different 
AI techniques have been explored, offering even 
greater accuracy and robustness [52].

Even with AI’s contribution to demand fore-
casting, there are still several unanswered ques-
tions and areas that require further investigation. 
Integrating real-time data and dynamically adapt-
ing models to shifting circumstances is one import-
ant topic. Studies on adaptable models, which can 
continuously learn and update based on new data, 
are needed even if most of the current studies have 
concentrated on static models. 

Furthermore, there is still more to learn about 
the influence of outside variables, such as consumer 
behavior and economic indicators, on demand 
forecasting in renewable MGs [53,54]. In addition, 
research into the application and scalability of 
AI-based forecasting models in real-world MG sys-
tems scenarios is required to address the practical 
difficulties and limitations. This work covers these 
aspects and other areas that are not mentioned.

Materials and Methods

Data collection

The development of an AI-based demand forecast-
ing model for renewable MGs requires diverse data-
sets [55]. The primary data sources were historical 
energy consumption and weather data. The histor-
ical energy consumption data is obtained from the 
MG operational records, encompassing variables 
such as hourly or daily energy usage across different 
periods. These data are essential for understand-
ing past demand patterns and seasonal variations. 
Weather data, including temperature, humidity, 
and solar radiation, are sourced from local mete-
orological stations or weather services [56]. This 

information is crucial because weather conditions 
significantly influence the output of renewable 
energy sources such as solar and wind [57].

This section outlines the methodology used 
to develop and implement an AI-driven demand 
forecasting model for renewable MGs. The model 
utilizes a hybrid long short-term memory (LSTM) 
network and convolutional neural network (CNN) 
to improve the forecasting accuracy of energy 
demand in MGs powered by renewable energy 
sources. The proposed methodology is divided 
into four main sub-sections: Dataset Description, 
Data Preprocessing, Model Architecture, and Model 
Training and Validation.

Dataset description

The renewable resource data used in this study per-
tain to the Kaba-Owode community of the Ifelodun 
Local Government Area, Kwara State, Nigeria. The 
community is located at a latitude of 8° 23′ N and 
longitude of 4° 36′ E and comprises 85 buildings. 
The electrical load consumption data for the site 
were obtained from the Power Holding Company 
of Nigeria, Challenge Business Hub, Ilorin, Kwara 
State, Nigeria.

Figure 2 illustrates the average monthly energy 
consumption pattern (in kWh) over 12 months. 
The graph shows that the site experienced peak 
load demands of 7.5 kWh in July. This increase may 
reflect a seasonal pattern and is likely caused by 
higher energy demands during warmer months, 
prompting increased use of cooling systems such 
as fans and air conditioners. After July, energy con-
sumption begins to decline, dropping to approx-
imately 5.8 kWh by December. This trend may 
indicate reduced energy demands during cooler 
months or a decrease in activity due to holiday-re-
lated factors.

Meteorological data were obtained from the 
Surface Meteorology and Solar Energy database 
hosted on the National Aeronautics and Space 
Administration (NASA) website, NASA. Internet: 
(http://eosweb.larc.nasa.gov) 10th February 2023. 
These data include the following: 

•	 �Temperature (°C): Average monthly tempera-
ture, which influences both energy consump-
tion and renewable energy generation.

•	 �Humidity (%): Affects solar panel efficiency and 
energy consumption.

•	 �Wind Speed (m/s): Impact on wind turbine 
energy production.

http://eosweb.larc.nasa.gov
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•	 �Solar Radiation (kW/m²): Affects solar panel 
output.

Table 1 presents the comprehensive dataset 
used in this study, with monthly averages for each 
variable:

Data preprocessing

Data preprocessing ensured the quality and usabil-
ity of the dataset for model development [57]. The 
following steps were taken:

1. �Data cleaning: Missing or incorrect values 
were imputed using interpolation, and outli-
ers were addressed as necessary [58].

2. �Normalization: Data normalization was per-
formed to standardize the range of variables, 
ensuring that all features contributed equally 
to the model’s learning process. 

3. �Feature engineering: Temporal features like 
day of the week, holidays, and time of day 
were created to capture energy consumption 
patterns. 

4. �Data splitting: The dataset was split into 
training (70%), validation (15%), and test-
ing (15%) sets for model development and 
evaluation.

Model architecture

The proposed hybrid model combines two distinct 
machine-learning architectures:

•	 �LSTM component: LSTM networks, which are 
a type of recurrent neural network (RNN), are 
ideal for capturing temporal dependencies in 
sequential data [59]. The LSTM component in 
this model learns patterns in past energy usage 

Table 1. Monthly Av. Dataset for Kaba-Owode Community, Kwara, Nigeria. 

Month Av. Energy 
consumption (MWh) Average temp. (°C) Average humidity (%) Average

wind speed (m/s)
Av. Solar radiat.  

(kW/m²)

Jan 5.2 28.1 72 3.4 4.5

Feb 5.5 29.3 69 3.1 4.7

Mar 6.1 30.2 68 3.3 5.0

Apr 6.3 30.5 65 3.2 5.3

May 6.8 31.0 63 3.0 5.5

June 7.0 30.8 60 3.5 5.8

July 7.5 30.2 58 3.6 6.0

Aug. 7.3 29.7 59 3.4 5.9

Sept. 6.9 28.5 62 3.2 5.4

Oct. 6.4 28.2 65 3.1 5.2

Nov. 6.0 27.8 68 2.9 5.1

Dec. 5.8 27.4 70 2.9 4.9

Figure 2. Seasonal variation in energy consumption at Kaba-Owode (kWh). 
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and meteorological data to forecast future 
demand [60].

•	 �Convolutional neural networks (CNNs): CNNs 
are typically used for image recognition but 
are effective at identifying spatial correlations 
in data [61]. In this study, the CNN component 
extracts spatial dependencies between features 
like temperature, humidity, and solar radiation 
to enhance the forecasting model.

By combining the LSTM and CNN architectures, 
the model efficiently handles both temporal and 
spatial features to predict the energy demand of 
renewable MGs.

Model training and validation

The data were split into training, validation, and 
testing sets. The following steps were followed:

1.	� Preprocessing: The dataset was normalized 
before being fed into the model to improve 
convergence.

2.	� Model training: The hybrid model was 
trained for 100 epochs with an Adam opti-
mizer and a batch size of 64 for efficient 
learning.

3.	� Evaluation metrics: Performance was eval-
uated using the following equations:

•	 �Mean absolute error: This statistic calculates 
the average magnitude of prediction errors 
without considering direction. This gives a 
clear indicator of the accuracy of the projection 
is [62].

•	 �Root mean squared error: The RMSE helps 
analyze the model’s performance in situations 
where significant deviations are especially 
undesired [63,64]. The RMSE assesses how well 
the model handles large deviations and assigns 
a higher weight to larger errors.

•	 �R-squared (R²): This metric represents the 
proportion of variance in the dependent vari-
able that can be explained by the independent 
variables, providing insight into the model’s 
explanatory capability [65], and overall predic-
tive power.

The model achieved an R² value of 0.87, indi-
cating that it explained 87% of the variance in the 
energy consumption predictions and an MAE of 
1.45 MWh, demonstrating high prediction accuracy.

Model deployment and real-time integration

Once trained, the AI model was deployed to the 
MG control system or cloud infrastructure to 
enable real-time forecasting. It was connected to 

data sources, such as energy consumption meters 
and weather stations, for continuous updates 
and adjustments to forecasts. Integration into the 
MG management system allows for better deci-
sion-making regarding energy distribution, stor-
age, and grid stability. Continuous monitoring and 
regular retraining ensure the model’s accuracy and 
adaptability to changing conditions.

Results 

The AI-based demand forecasting model was 
assessed using key indicators, such as MAE, RMSE, 
and R-squared (R²) to evaluate its predictive accu-
racy. The model achieved an MAE of 1.45 MWh, an 
RMSE of 2.12 MWh, and an R² value of 0.87, demon-
strating high predictive accuracy in energy con-
sumption forecasting [66]. These results indicate 
the model’s ability to identify underlying data pat-
terns and generate accurate forecasts.

In comparison with traditional methods, such as 
exponential smoothing and ARIMA, the AI model 
demonstrated superior performance. Exponential 
smoothing produced an MAE of 2.35 MWh and an 
RMSE of 3.05 MWh, while ARIMA’s MAE and RMSE 
values were 2.10 MWh and 2.75 MWh, respectively. 
These findings highlight the hybrid model’s ability 
to manage the complexities of renewable energy 
sources, which require handling both temporal and 
spatial variability, which is closely aligned with the 
findings reported by [67]. Additionally, the model’s 
ability to incorporate real-time data and adjust to 
shifting circumstances contributes to its improved 
accuracy.

The forecasting precision of AI models is espe-
cially critical for renewable MGs, where energy 
demand fluctuations are influenced by complex 
interactions among weather conditions, time-of-
day variations, and historical demand patterns. 
By accounting for these factors, the model enables 
more accurate predictions, optimizing energy dis-
tribution and storage, and thus enhancing MG 
performance. These results closely match those 
reported by [68], where similar methodologies 
were employed, thus reinforcing the robustness 
of the current findings. Furthermore, the hybrid 
LSTM-CNN approach offers a comprehensive view 
of demand forecasting by capturing both temporal 
and spatial data, thus addressing issues that are 
often overlooked by traditional models.
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Discussion

Comparative analysis of AI-based models compared 
with traditional techniques

Previous studies have focused on time-series mod-
els like ARIMA or single LSTM networks, which cap-
ture either temporal or spatial dependencies, but 
not both. These models struggle with the dynamic 
nature of renewable energy generation, which 
is influenced by both time-dependent variations 
(e.g., weather patterns, daily/seasonal cycles) and 
spatial factors (e.g., regional demand variations). 
Moreover, many studies have not incorporated crit-
ical external factors, such as weather, that signifi-
cantly impact forecasting accuracy in MG systems.

In contrast, the hybrid LSTM-CNN model inte-
grates temporal (energy consumption over time) 
and spatial data (regional demand variations), 
providing a more robust and accurate forecast. 
The model outperformed ARIMA, Exponential 
Smoothing, and other AI-based models like individ-
ual LSTM networks and support vector machines in 
terms of MAE, RMSE, and R². Specifically, the hybrid 
model achieved an R² of 0.87 and MAE of 1.45 MWh, 
compared to R² values of 0.74 and MAE of 2.35 MWh 
for ARIMA, and R² of 0.77 and MAE of 2.12 MWh 
for Exponential Smoothing. These results under-
score the hybrid model’s superior performance in 
forecasting the variability in demand for renewable 
MGs.

Research contribution and novelty

This study makes a significant contribution by intro-
ducing a hybrid forecasting model that integrates 
LSTM networks and convolutional neural networks 
(CNNs). LSTM excels at capturing temporal depen-
dencies in energy consumption data, whereas CNNs 
identify spatial patterns related to regional demand 
variations. The synergy between these models 
addresses the multifaceted nature of renewable MG 
demand, which previous models using only one of 
these approaches could not fully capture. The com-
bined LSTM-CNN architecture is particularly suit-
able for renewable MGs, where both time-based 
and spatial factors influence power generation and 
demand, offering a more accurate and comprehen-
sive forecasting solution.

The novelty of this study lies in the integrative 
use of LSTM and CNN models to address forecasting 
challenges by incorporating both temporal and spa-
tial aspects of energy demand. Previous studies typ-
ically employed either LSTM or CNN independently; 

however, the hybrid model presented in this paper 
offers a novel solution by effectively integrating 
these two approaches. In addition, the inclusion 
of meteorological data alongside energy consump-
tion patterns significantly improves forecasting 
accuracy, making this model suitable for real-time 
energy management in renewable MGs.

Challenges and limitations

Several challenges arose during the study, primarily 
related to the quality and granularity of historical 
energy consumption and weather data. Missing or 
inconsistent data can reduce forecast reliability. 
Moreover, as noted by [69], deep learning models 
require significant computational resources for 
training and validation, which can limit scalability. 
To address these challenges, future research should 
focus on improving data quality and incorporating 
more granular data through advanced data-clean-
ing techniques. In addition, enhancing computa-
tional efficiency through optimization algorithms 
and leveraging cloud-based platforms for scal-
able processing can mitigate resource constraints. 
Investigating the integration of external factors 
such as economic indicators and behavioral pat-
terns may further improve the model’s predictive 
capabilities and applicability across different MG 
scenarios [70].

The results of this study are consistent with 
the recent research, which showed that AI-driven 
methods outperform traditional forecasting tech-
niques in terms of accuracy and flexibility. Previous 
studies, such as those by [71] and [72] have empha-
sized the effectiveness of LSTM networks in captur-
ing the temporal dependencies in energy forecast-
ing. However, this study’s innovative use of CNNs 
for feature extraction differentiates it from con-
ventional approaches, offering a novel direction for 
future research in the energy sector.

Conclusion

This study significantly advances the develop-
ment of AI-driven demand forecasting models for 
renewable MGs by demonstrating that the hybrid 
LSTM-CNN approach offers higher accuracy than 
traditional forecasting models. The model achieved 
an R-squared value of 0.87 and an MAE of 1.45 
MWh, outperforming conventional methods such 
as ARIMA and Exponential Smoothing. By com-
bining LSTM’s ability to handle temporal depen-
dencies with CNN’s strength in recognizing spatial 
correlations, the proposed model addresses critical 
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challenges in renewable energy forecasting that 
were previously overlooked. These findings pro-
vide valuable insights for policymakers, offering a 
more accurate tool for real-time decision making, 
energy distribution optimization, and operational 
cost minimization in renewable MGs.

Governments can use these insights to formu-
late policies that promote a stable and sustainable 
energy supply. Energy forecast policymakers should 
adopt these advanced AI techniques to improve 
prediction accuracy, enabling more informed and 
effective decisions. For the energy industry, imple-
menting AI models promises to revolutionize oper-
ations by reducing energy waste, improving energy 
utilization, and cutting operational costs.

Implications for energy policymakers and industry

The findings offer substantial implications for pol-
icymakers and the energy industry. Policymakers 
can leverage these insights to design and implement 
policies that support the transition to more sustain-
able and reliable energy systems. The enhanced 
forecasting capabilities provided by the AI-driven 
model can facilitate better management of renew-
able MGs, ensuring consistent energy supply while 
reducing operational inefficiencies. For the energy 
industry, adopting these AI models can lead to sig-
nificant cost savings by optimizing energy distribu-
tion and reducing wastage, which is essential for 
managing the increasing demand for renewable 
energy.

Future research directions

Future research should focus on scaling the hybrid 
LSTM-CNN model to larger and more complex MG 
systems. Investigating reinforcement learning tech-
niques could further enhance the sophistication and 
adaptability of the model for dynamic forecasting in 
changing energy environments. Additionally, inte-
grating behavioral and economic factors—such as 
user behavior patterns and market pricing—could 
refine prediction accuracy and improve the model’s 
applicability across various energy markets.

Addressing limitations such as poor data quality 
and computational constraints is crucial for further 
improving the model’s performance. Future work 
should explore the integration of more detailed 
information and external factors, including eco-
nomic indicators and user behavior, to enhance 
the forecasting process. This research advocates 
for ongoing innovation in AI technologies, focus-
ing on their transformative potential in energy 

management and sustainable energy practices. By 
integrating AI, the energy sector can move toward 
a more reliable, adaptable, and sustainable future.
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