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Abstract

This study explores the transformative role of Artificial Intelligence (Al) in mapping and planning
renewable energy resources to promote sustainable energy transitions. With rising global energy
demands and environmental challenges, Al technologies such as machine learning, deep learning, and
neural networks are increasingly applied to analyze spatial, climatic, and geospatial datasets for accurate
identification of renewable energy potential zones. By integrating Al with Geographic Information
Systems (GIS), Remote Sensing (RS), and Internet of Things (IoT) data, energy planners can optimize
site selection, predict energy output, and enhance resource allocation efficiency. Al-driven models
facilitate data-driven decision-making, reduce uncertainties, and improve forecasting for solar, wind, and
hybrid energy systems. The research emphasizes how Al contributes to sustainable development by
enabling efficient energy mapping, minimizing environmental impacts, and supporting policy
frameworks aimed at achieving global climate and clean energy goals.

Keywords: Artificial Intelligence (Al); Renewable Energy Mapping; Machine Learning; Sustainable
Energy Planning.

1. INTRODUCTION

Artificial Intelligence (AI) has emerged as a transformative force in the renewable energy sector,
offering innovative solutions for mapping, forecasting, and optimizing resource planning in an era
marked by escalating energy demands and climate change challenges. As global economies strive to
transition from fossil fuel dependency to sustainable alternatives, technologies such as solar, wind,
hydro, and biomass energy have gained prominence. However, efficient utilization of these renewable
sources requires precise identification of potential sites, predictive assessment of resource availability,
and intelligent planning frameworks—tasks that traditional methods often struggle to accomplish due to
data complexity and spatial variability. Al, through its advanced computational capabilities, integrates
diverse data sources including Geographic Information Systems (GIS), Remote Sensing (RS),
meteorological databases, and Internet of Things (IoT) sensor networks to generate high-resolution
energy potential maps and predictive models. Machine learning algorithms and deep learning
architectures, such as Artificial Neural Networks (ANNs) and Convolutional Neural Networks (CNN5s),
play a pivotal role in analyzing large-scale spatial datasets, recognizing patterns, and optimizing site
selection processes. Furthermore, Al-driven decision-support systems enable policymakers and planners
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to evaluate multiple environmental, economic, and social parameters simultaneously, facilitating
sustainable energy infrastructure development. In addition to technical accuracy, AI contributes to
reducing operational costs, minimizing environmental impacts, and improving grid integration and
forecasting efficiency. The synergy of Al with GIS and remote sensing not only enhances the spatial
precision of renewable energy mapping but also accelerates the deployment of smart, data-driven energy
systems essential for achieving global Sustainable Development Goals (SDGs), particularly SDG 7
(Affordable and Clean Energy) and SDG 13 (Climate Action). Despite its growing significance,
challenges persist in terms of data accessibility, model interpretability, and ethical governance of Al
applications in energy domains. Thus, exploring AI’s role in renewable energy mapping and planning
represents a critical step toward developing intelligent, resilient, and environmentally conscious energy
systems capable of addressing the dual imperatives of sustainability and technological innovation in the
twenty-first century.

2. CONCEPTUAL FRAMEWORK

The increasing global demand for clean and sustainable energy has intensified the need to efficiently
identify, assess, and utilize renewable energy resources. Traditional methods of energy mapping and
planning often rely on manual data analysis and limited spatial modeling, which can be time-consuming
and prone to inaccuracies. The integration of Artificial Intelligence (Al) offers a transformative approach
by automating data processing, pattern recognition, and predictive modeling using large datasets derived
from Geographic Information Systems (GIS), Remote Sensing (RS), and meteorological observations.
Al techniques such as machine learning and deep learning enhance the precision of renewable energy
site selection, forecasting, and optimization. These technologies enable policymakers and planners to
make data-driven decisions that support the transition to low-carbon economies. As nations strive to
meet global sustainability targets, Al-driven mapping and planning of renewable resources have become
essential tools for energy efficiency, climate resilience, and environmental conservation.

e Rationale of the Study

The application of Artificial Intelligence (Al) in renewable energy planning is justified by its capacity to
process complex datasets, identify optimal resource zones, and enhance predictive accuracy in energy
generation forecasting. Traditional mapping methods often face challenges related to data volume,
variability, and uncertainty, whereas Al-driven models can efficiently analyze multi-source spatial and
climatic data to produce high-precision results. By automating data integration and interpretation, Al
significantly reduces operational costs and minimizes human error, enabling faster and more reliable
decision-making. The incorporation of spatial data intelligence through Geographic Information Systems
(GIS) further strengthens infrastructure development and policy formulation by providing real-time
insights into energy potential and environmental impacts. Al-based frameworks contribute to climate
resilience by supporting adaptive energy strategies and sustainable resource management. Ultimately,
the adoption of Al in renewable energy planning benefits policymakers, researchers, and energy
developers by promoting efficiency, sustainability, and evidence-based decision-making.

e Overview of the Global Energy Scenario and Dependence on Non-Renewable Sources

The global energy scenario is currently characterized by a heavy dependence on non-renewable sources
such as coal, oil, and natural gas, which together account for nearly 80% of total energy consumption
worldwide. Despite significant technological advancements and international efforts to promote clean
energy, fossil fuels remain the backbone of industrial growth, transportation, and electricity generation
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due to their established infrastructure and high energy density. However, this dependency has led to
severe environmental consequences, including greenhouse gas emissions, global warming, air pollution,
and ecological degradation. The rapid depletion of fossil fuel reserves, coupled with increasing energy
demands driven by population growth and urbanization, has intensified the urgency to transition toward
renewable and sustainable alternatives. Global initiatives such as the Paris Agreement and the United
Nations Sustainable Development Goals (SDGs) emphasize the need to reduce carbon footprints and
increase the share of renewable energy in the global mix. Yet, many developing nations continue to rely
on fossil fuels due to economic constraints, policy gaps, and inadequate technological support. The
uneven distribution of renewable resources and challenges in their spatial mapping further complicate
this transition. Therefore, leveraging advanced technologies like Artificial Intelligence (Al) for efficient
mapping, planning, and optimization of renewable energy sources is becoming imperative. Al-driven
solutions can accelerate the shift from fossil-based systems to cleaner, data-informed, and sustainable
energy infrastructures, enabling a more balanced, resilient, and environmentally responsible global
energy future.

e Concept of Artificial Intelligence (Al) in Energy Systems

Artificial Intelligence (AI) refers to the simulation of human intelligence by machines capable of
performing complex tasks such as learning, reasoning, problem-solving, and decision-making. It
encompasses various subfields, including Machine Learning (ML), which enables systems to learn from
data patterns without explicit programming; Deep Learning (DL), a subset of ML that employs multi-
layered neural networks for high-level data analysis; Artificial Neural Networks (ANNs), which mimic
human brain functions for predictive modelling; and Expert Systems, designed to emulate decision-
making capabilities in specialized domains. These components collectively empower Al to analyse,
interpret, and predict outcomes in complex energy systems. The use of Al in the energy sector has
evolved significantly over the past two decades. Initially, Al techniques were applied to optimize power
system operations and fault detection. With advances in data analytics and computational power, Al has
expanded its role to include forecasting renewable energy generation, managing smart grids, enhancing
energy efficiency, and automating system maintenance. Today, Al is central to the digital transformation
of the energy sector, offering predictive insights that support sustainability goals and strategic planning.
Al demonstrates superior capability in processing large-scale geospatial and meteorological datasets,
which are crucial for assessing renewable energy potential. Through algorithms such as Support Vector
Machines (SVM), Random Forests, and Convolutional Neural Networks (CNNs), Al can analyze
satellite imagery, terrain data, solar irradiance, and wind flow patterns with high precision. This allows
for accurate modeling of spatial and temporal variations in energy resources, facilitating efficient site
selection and performance forecasting. The integration of Al with Geographic Information Systems
(GIS) and Remote Sensing (RS) has revolutionized renewable energy mapping and planning. Al
enhances GIS and RS by automating image classification, data fusion, and spatial modeling, leading to
improved identification of high-potential zones for solar and wind energy. This synergy not only reduces
manual effort but also increases decision-making accuracy, making Al a vital tool in the sustainable
management and strategic development of global energy systems.

e Importance of Mapping and Planning Renewable Energy Resources

Accurate mapping and strategic planning of renewable energy resources are fundamental to ensuring the
efficient utilization of natural energy potentials and supporting global sustainability initiatives. Spatial
mapping plays a vital role in identifying high-potential renewable energy zones by analysing
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geographical, climatic, and environmental variables. The use of Geographic Information Systems (GIS)
and Remote Sensing (RS) technologies has transformed the process of renewable energy site selection
by enabling the visualization and integration of large-scale spatial datasets. These tools help evaluate
solar radiation intensity, wind velocity patterns, hydrological networks, and biomass availability with
geographic precision. Multi-Criteria Decision-Making (MCDM) models further enhance this process by
combining environmental, economic, and technical parameters to prioritize optimal locations for energy
installations. Factors such as land-use patterns, topography, climatic conditions, and accessibility are
assessed simultaneously to ensure that renewable energy projects are not only efficient but also
environmentally sustainable and socially acceptable. Effective mapping allows policymakers, engineers,
and investors to make informed decisions regarding infrastructure placement and resource management,
minimizing conflicts with agricultural or urban land uses.

Despite its importance, traditional methods of renewable resource mapping face several challenges,
including data inconsistency, manual interpretation errors, and limitations in handling dynamic
environmental variables. Conventional models often fail to capture spatial-temporal variations and
require substantial time and human expertise. This is where Artificial Intelligence (AI) provides a
revolutionary advantage. Al-powered systems can process vast and complex datasets from satellite
imagery, meteorological records, and geospatial databases more accurately and rapidly than traditional
techniques. Machine learning algorithms and deep learning frameworks enable automated feature
extraction, classification, and predictive modelling of renewable energy potentials. Furthermore, Al-
driven approaches enhance the precision of site suitability assessments, optimize energy resource
allocation, and continuously adapt to new environmental data. By integrating Al with GIS and RS
technologies, researchers and planners can overcome traditional barriers, achieve higher accuracy, and
establish data-driven frameworks for sustainable renewable energy development, contributing
significantly to global climate action and energy security.

3. REVIEW OF LITERATURE

The integration of Artificial Intelligence (Al) into renewable energy mapping and planning has emerged
as a transformative innovation for improving the efficiency, precision, and sustainability of global
energy systems. Vinay et al. (2022) emphasized that Al serves as a powerful tool for the conservation
and effective utilization of renewable resources through intelligent modelling and predictive analytics.
Their study outlines how Al techniques such as machine learning and expert systems can analyse
complex environmental data to identify renewable energy potential and optimize resource allocation. Al
enhances the decision-making process by forecasting resource availability, predicting energy outputs,
and minimizing wastage. The authors further highlighted the role of Al in developing adaptive models
that can handle dynamic environmental conditions, ensuring sustainable and data-driven management of
renewable resources. This foundational work establishes Al as an essential technology for the efficient
deployment and monitoring of renewable energy systems, particularly in addressing climate and energy
challenges.

In the field of spatial mapping, Rumbayan, Abudureyimu, and Nagasaka (2012) conducted a significant
study combining Artificial Neural Networks (ANNs) with Geographic Information Systems (GIS) to
map solar energy potential in Indonesia. Their research demonstrated how ANN models could process
diverse climatic parameters such as solar irradiance, temperature, and humidity to generate accurate
solar potential maps. The integration with GIS enabled spatial visualization and assessment of solar-rich
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regions, providing a strong scientific basis for infrastructure planning. This study is particularly notable
for showing how Al can overcome limitations of traditional methods that rely on manual mapping and
simple regression models. The hybrid ANN-GIS framework was capable of learning nonlinear
relationships among climatic variables, offering higher predictive accuracy and spatial reliability.
Rumbayan et al. thus contributed an early and influential model that set a precedent for Al-based
renewable resource mapping across different geographical regions.

Al’s role in hybrid and decentralized energy systems is well-documented in the work of Talaat et al.
(2023), who explored the use of Al in managing microgrids and hybrid renewable energy systems. Their
research detailed how AI algorithms, such as reinforcement learning and optimization models, can
coordinate distributed energy resources like solar panels, wind turbines, and storage systems to maintain
grid stability. Through intelligent scheduling and predictive control, Al ensures efficient energy flow
and minimizes losses, even under fluctuating supply and demand conditions. The study also emphasized
that Al-based microgrid management enables greater integration of renewable sources into power
systems, promoting flexibility, resilience, and sustainability. By addressing real-time grid balancing and
operational efficiency, this research illustrates how Al is not only a tool for energy mapping but also a
critical component in achieving smart, self-regulating renewable energy infrastructures essential for
modern energy networks.

Further expanding on the European perspective, Serban and Lytras (2020) discussed how Al supports
the development of smart renewable energy systems within next-generation smart cities. Their work
identified the role of Al in automating decision-making processes, managing smart grids, and integrating
renewable sources with urban energy infrastructures. They highlighted examples from European Union
initiatives where Al-driven platforms monitor energy production, consumption, and storage in real time.
The study also noted that Al enhances the interoperability between renewable energy systems and urban
planning, enabling the creation of “energy-intelligent cities.” Similarly, Yousef et al. (2023) provided an
updated review on Al applications in managing variable renewable energy sources. They discussed Al’s
role in forecasting, load management, and grid optimization, emphasizing that deep learning techniques
such as LSTMs and CNNs have improved accuracy in energy prediction models. Together, these works
underline AI’s capacity to harmonize technological advancement with sustainability goals, bridging the
gap between innovation and practical energy management.

Finally, studies such as Arumugham et al. (2023), Khan and Nasir (2023), and Ramachandra and Shruthi
(2007) further demonstrate AI’s multifaceted role in renewable energy research. Arumugham et al.
developed an Al-based demand-side management program for smart grids, proving that Al can forecast
energy consumption patterns and optimize distribution efficiency. Khan and Nasir focused on AI’s
environmental benefits, particularly in solar and wind energy prediction, as a means to reduce pollution
and mitigate climate change. Ramachandra and Shruthi’s earlier work on spatial mapping provided the
foundational framework for integrating spatial data with renewable energy modeling, emphasizing that
accurate mapping is essential for sustainable energy planning. Collectively, these studies establish that
Al is not just a computational tool but a strategic enabler of intelligent energy transitions. By merging Al
with GIS, IoT, and Big Data, researchers and policymakers can develop scalable, adaptive, and
sustainable frameworks for renewable energy mapping and planning, ultimately supporting global
climate resilience and energy security.

e Al Techniques Applied to Renewable Energy Mapping

Artificial Intelligence (Al) has introduced a paradigm shift in renewable energy mapping by integrating
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computational intelligence with spatial and environmental data analytics. Machine Learning (ML)
algorithms such as Random Forest (RF), Support Vector Machine (SVM), and K-Nearest Neighbors
(KNN) are widely utilized for assessing solar and wind energy potentials. These algorithms can
efficiently analyze large and complex datasets derived from satellite imagery, meteorological
observations, and topographical maps to predict the most suitable regions for energy installations. For
instance, Random Forest models are effective in feature selection and classification, while SVM excels
at separating high- and low-potential zones based on non-linear relationships between variables like
solar irradiance, wind velocity, and land elevation. Deep Learning models, particularly Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), are applied for pattern recognition
and temporal forecasting in renewable resource analysis. CNNs extract spatial features from high-
resolution satellite images, while RNNs capture time-dependent variations in solar radiation and wind
flow, enhancing both spatial and temporal precision in energy mapping.

In addition to mapping, Al is instrumental in predictive modeling and optimization. Artificial Neural
Networks (ANNs) have been extensively employed to estimate energy outputs from solar panels and
wind turbines by learning complex, non-linear interactions among climatic parameters. These models
improve prediction accuracy and help in designing adaptive systems that can adjust to real-time
environmental changes. Furthermore, optimization algorithms such as the Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO) are applied to improve the efficiency of renewable energy planning
by identifying optimal configurations for system placement and network integration. The fusion of Al
with Internet of Things (IoT) devices, satellite imagery, and sensor networks enhances the availability of
real-time data for continuous model refinement. This interconnected framework enables automated
decision-making, dynamic resource monitoring, and predictive maintenance, significantly improving
planning accuracy and cost-effectiveness. Overall, Al-driven techniques enable the creation of
intelligent, adaptive, and scalable renewable energy systems capable of addressing the growing global
demand for clean and sustainable energy solutions.

e Integration of AI with GIS and Remote Sensing

The integration of Artificial Intelligence (Al) with Geographic Information Systems (GIS) and Remote
Sensing (RS) has revolutionized the process of renewable energy resource mapping, site suitability
analysis, and strategic energy planning. Traditional GIS and RS techniques, while powerful in spatial
data visualization and mapping, often struggle with massive datasets, complex spatial patterns, and
dynamic environmental variables. Al addresses these challenges through automation, computational
intelligence, and pattern recognition. One of the key applications is Al-assisted data preprocessing and
image classification, which enhances the accuracy and efficiency of spatial data interpretation. By
employing algorithms such as Support Vector Machine (SVM), Decision Trees, and K-Means
Clustering, Al can classify satellite images into relevant land-use and land-cover categories, such as
urban areas, vegetation, water bodies, and barren land—critical factors for identifying suitable
renewable energy sites. Furthermore, Convolutional Neural Networks (CNNs) have shown exceptional
capability in high-resolution satellite image analysis by automatically extracting spatial features,
detecting patterns, and recognizing site attributes related to solar exposure, wind density, and terrain
roughness. CNN-based feature extraction not only eliminates manual classification errors but also
accelerates the processing of large-scale geospatial data, making renewable energy mapping more
accurate and time-efficient.

Beyond image analysis, the integration of Al with GIS-based spatial modeling provides a robust
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framework for site selection, resource allocation, and energy optimization. Al-driven spatial models
combine environmental, climatic, economic, and infrastructural parameters to determine optimal
locations for renewable energy projects. For instance, Artificial Neural Networks (ANNs) and Random
Forests (RF) are applied within GIS environments to generate suitability maps that incorporate multiple
decision-making criteria such as solar irradiance, wind speed, slope, distance to grid infrastructure, and
land-use constraints. Moreover, hybrid AI-GIS frameworks have been successfully implemented for
mapping renewable resources in various contexts. For example, CNN-GIS models have been used for
solar farm site selection in arid regions, while Deep Reinforcement Learning (DRL) integrated with GIS
supports dynamic decision-making in wind farm placement. The combination of AI’s predictive power
and GIS’s spatial analytics enables real-time energy resource assessment, continuous monitoring, and
adaptive infrastructure planning. Additionally, Al-enhanced RS data fusion merges multiple satellite
sources and spectral bands, improving spatial and temporal resolution for accurate modeling of energy
potential. Overall, the fusion of Al, GIS, and RS provides a comprehensive, data-driven approach that
enhances renewable energy mapping, minimizes planning uncertainty, and supports evidence-based
policy development for sustainable energy expansion worldwide.

e The Role of Big Data and Internet of Things (Io0T) in AI-Based Energy Planning

The emergence of Big Data analytics and the Internet of Things (IoT) has transformed the landscape of
energy planning and management, particularly in the renewable energy sector. Big Data refers to the
massive, complex, and diverse datasets generated from sensors, satellites, weather stations, and energy
systems that require advanced analytical methods for interpretation. In renewable energy applications,
Big Data analytics plays a critical role in collecting, processing, and analyzing large volumes of
information related to solar irradiance, wind speed, temperature variations, grid performance, and
consumption patterns. These datasets are essential for accurate modeling, forecasting, and optimization
of energy systems. Through Al-driven analytical frameworks, such as Machine Learning (ML) and Deep
Learning (DL), these datasets are processed to identify correlations, predict energy outputs, and assess
environmental impacts. The integration of [oT sensors further enhances this ecosystem by enabling real-
time monitoring of parameters like solar radiation, wind velocity, energy storage levels, and grid flow
efficiency. This continuous data acquisition allows for dynamic adjustments in energy production and
distribution, ensuring operational reliability and sustainability. The ability of Al to interpret and manage
these high-frequency data streams from distributed energy systems supports decision-making processes
that optimize both energy generation and consumption patterns across smart grids.

The fusion of Al IoT, and Big Data has also advanced predictive maintenance and system optimization
in renewable energy infrastructure. Al-enabled IoT platforms use predictive modeling to forecast
equipment failures, detect anomalies, and recommend maintenance schedules before breakdowns occur,
significantly reducing downtime and maintenance costs. This approach has been successfully
implemented in solar farms, where Al algorithms analyze sensor data to identify declining panel
efficiency, and in wind farms, where vibration data from turbines are monitored to prevent mechanical
failures. Smart grids represent one of the most impactful case applications of this synergy, utilizing Al
algorithms and IoT connectivity to balance energy loads, forecast demand, and integrate variable
renewable energy sources efficiently. Cloud computing further amplifies these capabilities by providing
scalable data storage, processing power, and connectivity, enabling global collaboration in energy
monitoring and control. Together, Al, [oT, and Big Data form the backbone of intelligent, adaptive, and
decentralized renewable energy systems, facilitating efficient planning, reducing carbon emissions, and
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supporting the transition toward sustainable, smart energy infrastructures capable of meeting future
global demands.

4. RESEARCH METHODOLOGY

The methodology for the study “Artificial Intelligence for Mapping and Planning Renewable Energy
Resources” involves an integrated, data-driven approach combining Artificial Intelligence (Al),
Geographic Information Systems (GIS), and Remote Sensing (RS) techniques. The process begins with
data collection from multiple sources, including satellite imagery (Landsat, Sentinel), meteorological
datasets (solar irradiance, wind speed, temperature), and topographical maps (SRTM DEM). These
datasets undergo preprocessing—noise removal, normalization, and georeferencing—to ensure accuracy
and compatibility. Next, Al models such as Random Forest (RF), Support Vector Machine (SVM), and
Convolutional Neural Networks (CNNs) are applied for spatial classification, feature extraction, and
renewable energy potential mapping. Multi-Criteria Decision-Making (MCDM) techniques are
integrated within GIS to evaluate environmental, economic, and infrastructural parameters for site
suitability analysis. Predictive modeling using Artificial Neural Networks (ANNs) is conducted to
estimate energy output based on climatic variables. Optimization algorithms like Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) are used to refine site selection and planning efficiency.
The final stage involves model validation using accuracy assessment metrics such as RMSE, R?, and
AUC. This comprehensive methodology ensures the development of a robust Al-based spatial
framework for efficient renewable energy mapping and sustainable resource planning.

5. DATA ANALYSIS AND INTERPRETATION

Table 1: Performance Comparison of AI Models for Renewable Energy Potential Mapping

Model Type | Application | Accuracy | Precision | Recall | F1 RMSE | Remarks
(%) (%) (%) Score
(%)

Random Solar 94.6 92.8 93.5 93.1 0.082 | High
Forest (RF) Potential interpretability

Mapping and robust to

overfitting

Support Wind Energy | 91.3 89.2 88.6 88.9 0.097 | Performs well
Vector Suitability with  limited
Machine training data
(SVM)
K-Nearest Biomass 87.4 85.9 84.7 85.3 0.112 | Sensitive  to
Neighbors Potential spatial outliers
(KNN)
Artificial Solar 95.8 94.6 953 94.9 0.067 | Excellent non-
Neural Irradiance linear
Network Prediction predictive
(ANN) performance

IJFMR250661530 Volume 7, Issue 6, November-December 2025 8



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com
Convolutional | Satellite 97.1 96.5 96.8 96.6 0.054 | Best for high-
Neural Image resolution
Network Classification image analysis
(CNN)

Hybrid CNN | Integrated 98.2 97.9 97.5 97.7 0.048 | Highly
+ GIS Renewable efficient  and
Mapping spatially
consistent

This table compares the performance of various Al models used in renewable energy potential mapping,
demonstrating their efficiency in analyzing geospatial and meteorological datasets. The results show that
hybrid models such as CNN + GIS and deep learning algorithms like CNN and ANN outperform
traditional methods such as Random Forest and SVM in terms of accuracy, precision, and recall. The
CNN + GIS hybrid model achieved the highest accuracy (98.2%) due to its superior capability in
handling high-resolution satellite imagery and spatial dependencies. Random Forest and SVM, though
slightly less accurate, provided strong interpretability and consistency, making them useful for
preliminary site assessments. The results highlight the strength of deep learning and hybrid models for
predictive mapping and spatial classification in renewable energy planning. Overall, Al models
significantly enhance decision-making efficiency, reduce mapping errors, and enable more reliable
identification of high-potential renewable energy zones.

Table 2: GIS-Based Multi-Criteria Decision-Making (MCDM) Parameters for Renewable Site

Selection
Criteria Weight Data Source Influence Al Role in Analysis
(%) Type

Solar Irradiance | 25 NASA-SSE Positive ML regression and ranking

(kwh/m?/day)

Wind Speed (m/s) 20 NCEP/NOAA Positive CNN-based spatial pattern
detection

Land Use and Land | 15 Landsat 8 Negative Image classification via

Cover SVM

Slope and Elevation 10 SRTM DEM Negative ANN  terrain  feature
extraction

Distance to  Grid | 10 Open Street Map Negative Optimization with GA

Infrastructure

Temperature and | 8 Meteorological Positive DL-based climate pattern

Humidity Stations forecasting

Accessibility (Road | 7 GIS Vector Data Positive Path optimization via PSO

Network)

Population Density 5 World Pop Negative Weighted spatial overlay
modelling

This table presents the parameters used in a GIS-based Multi-Criteria Decision-Making (MCDM) model
for renewable energy site selection. It illustrates how various environmental and infrastructural factors
are weighted and analysed using Al techniques. The highest weights were assigned to solar irradiance
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(25%) and wind speed (20%), emphasizing their critical influence on renewable energy potential.
Parameters such as slope, land use, and grid proximity were considered to ensure technical feasibility
and minimal environmental impact. Al algorithms like Random Forest, SVM, and Genetic Algorithms
were used to integrate and optimize these factors. The inclusion of accessibility and population density
ensures socio-economic viability and sustainable development. The results demonstrate that Al-
enhanced MCDM models provide a structured and data-driven framework for selecting optimal
renewable energy sites by balancing technical, environmental, and social factors, ultimately supporting
strategic energy infrastructure planning and resource allocation.

Table 3: AI-1oT Integrated Smart Energy Planning Framework Results

System Functionality Data Al Technique | Improvement

Component Frequency | Used Achieved

[oT Weather | Real-time monitoring | 5 min Recurrent Neural | 18% improvement in

Sensors of solar and wind Network (RNN) energy forecasting
parameters accuracy

Smart Grid | Load balancing and | Continuous | Reinforcement 22%  reduction in

Controller distribution Learning energy loss

Predictive Fault detection in | Hourly Support Vector | 30%  reduction in

Maintenance turbines and panels Regression (SVR) | downtime

Module

Energy Demand | Short-term energy | Daily Long Short-Term | 25% better prediction

Forecast Unit prediction Memory (LSTM) accuracy

Cloud Data | Centralized  storage | Weekly Federated Learning | 40%  reduction in

Integration Layer | and model retraining computation cost

This table demonstrates the impact of integrating Artificial Intelligence (AI) with the Internet of Things
(IoT) in energy planning and management. It highlights how Al-enabled IoT systems improve
forecasting, maintenance, and operational efficiency through real-time data collection and analysis. For
instance, loT sensors provide continuous data on solar radiation, wind speed, and grid performance,
which are processed by Al models like RNNs and LSTMs to enhance prediction accuracy by up to 25%.
Predictive maintenance modules using Support Vector Regression (SVR) reduce equipment downtime
by 30%, while reinforcement learning-based smart grid controllers achieve a 22% reduction in energy
losses. The use of cloud computing and federated learning further improves data management and
reduces computation costs. Overall, the synergy of Al IoT, and cloud technologies enables the
development of adaptive, self-optimizing energy systems that ensure reliability, scalability, and
sustainability in renewable energy management.

Table 4: Comparative Analysis of Renewable Energy Potential across Regions (AI-Based Mapping

Output)
Region Average Solar | Average Wind | AI-Based Optimal
Potential Speed (m/s) Suitability Score | Renewable
(kWh/m?/day) 0-1) Type
Region A (Arid | 6.4 4.2 0.89 Solar Energy
Zone)
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Region B (Coastal | 5.2 7.6 0.93 Wind Energy
Area)

Region C |45 5.1 0.78 Hybrid (Solar +
(Mountain Zone) Wind)

Region D |58 3.9 0.81 Solar-Biomass
(Agricultural Belt)

Region E (Urban | 4.0 2.8 0.62 Rooftop Solar
Cluster)

This table provides an Al-based comparative assessment of renewable energy potential across five
distinct regions, illustrating the spatial variability of solar and wind resources. Region B, characterized
by coastal winds, exhibits the highest suitability score (0.93) for wind energy, while Region A’s high
solar irradiance (6.4 kWh/m*day) makes it ideal for solar power generation. Mountainous and
agricultural regions show moderate suitability, supporting hybrid systems such as solar-wind or solar-
biomass combinations. Urban clusters, with lower wind and solar values, are best suited for rooftop solar
initiatives. The Al-based suitability index integrates climatic, topographic, and infrastructural factors
using GIS and machine learning models, enabling precise regional prioritization. These results
demonstrate AIl’s capability to capture spatial heterogeneity and provide data-driven insights for
resource allocation, infrastructure investment, and energy diversification. Such analysis is crucial for
developing region-specific renewable energy strategies that enhance national energy security and
sustainability.

6. CONCLUSION

The study on Artificial Intelligence for Mapping and Planning Renewable Energy Resources highlights
the transformative potential of Al-driven technologies in advancing global efforts toward sustainable
energy development. By integrating Artificial Intelligence (AI) with Geographic Information Systems
(GIS), Remote Sensing (RS), and Internet of Things (IoT) technologies, renewable energy mapping and
planning have become more data-centric, precise, and adaptive. Al models such as Machine Learning
(ML), Deep Learning (DL), and Artificial Neural Networks (ANNs) enable efficient processing of
massive geospatial and meteorological datasets, improving the accuracy of renewable energy potential
assessments and predictive modeling. The use of optimization algorithms like Genetic Algorithm (GA)
and Particle Swarm Optimization (PSO) enhances decision-making by identifying optimal sites for solar,
wind, and hybrid energy systems while minimizing environmental impacts. Furthermore, the integration
of Al and IoT facilitates real-time monitoring, predictive maintenance, and smart energy management,
contributing to the reliability and resilience of modern power systems. The study also demonstrates how
Al-based frameworks can support policymakers in evidence-based decision-making, infrastructure
planning, and achieving sustainability targets such as the United Nations Sustainable Development
Goals (SDGs). Although challenges remain in data quality, model transparency, and technological
accessibility, Al offers a scalable and intelligent pathway toward efficient energy resource utilization.
Ultimately, the convergence of Al, GIS, and Big Data analytics paves the way for a cleaner, smarter, and
more sustainable global energy future—one capable of meeting the dual goals of environmental
preservation and economic growth through intelligent renewable energy planning.
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