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Abstract: - This paper presents an innovative approach to
Solar Energy Potential Mapping, utilizing the Segment
Anything Model (SAM) for accurate rooftop segmentation
from satellite images, combined with real-time meteorological
data from the SolarAnywhere API. The project aims to estimate
the potential for solar energy generation by identifying and
mapping rooftops and other relevant surfaces. SAM's robust
image segmentation capabilities enable precise identification of
areas suitable for solar panel installations. In conjunction with
real-time solar irradiance data, the tool provides a reliable
assessment of solar energy potential. The proposed solution
offers a user-friendly web application, which integrates
machine learning models and real-time data to deliver charts
visualizing the solar energy potential. This paper surveys
existing methods for solar potential mapping and demonstrates
the effectiveness of our approach in optimizing rooftop solar
assessments for sustainable energy planning.
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1.INTRODUCTION

The global transition towards renewable energy has driven the
demand for accurate and efficient methods to assess solar
energy potential, especially in urban environments. Solar energy
potential mapping is essential for determining optimal locations
for photovoltaic (PV) installations, helping to maximize energy
generation from solar power. Traditional methods of identifying
suitable rooftops for solar panel deployment involve manual
surveys, which are time-consuming, resource-intensive, and
prone to inaccuracies. To overcome these limitations,
advancements in machine learning, satellite imagery, and real-
time data processing offer automated, scalable solutions.

This paper introduces a novel approach to solar energy
potential mapping that combines image segmentation
techniques with real-time meteorological data. We leverage the
Segment Anything Model (SAM), a state-of-the-art image
segmentation model, to automatically detect rooftops,
vegetation, and other surface types from high-resolution satellite
images. The SolarAnywhere API provides real-time solar
irradiance data, enabling precise estimation of solar energy
potential for each identified rooftop. By integrating these
technologies into a user-friendly web application, our project

delivers accurate, real-time assessments of solar potential, with
the goal of facilitating informed decision-making for urban solar
power installations. The remainder of this paper discusses
related work in the field, outlines the methodology used for
image segmentation and solar irradiance estimation, and
evaluates the performance of our proposed system

2. LITERATURE SURVEY

Solar energy potential mapping has gained significant attention
in recent years as countries worldwide seek to harness
renewable energy sources. This literature survey examines
recent advancements in solar energy potential assessment,
focusing on rooftop solar potential, image segmentation
techniques, and the integration of meteorological data.

Rooftop solar photovoltaic (PV) systems have
emerged as a promising solution for urban energy generation,
utilizing existing  structures without additional land
requirements. Fakhreddine et al. [1] conducted a comprehensive
study on Lebanon's solar rooftop potential using deep learning-
based instance segmentation to extract buildings' footprints
from satellite images. Their research revealed that Lebanon's
total solar rooftop potential is approximately 28.1 TWh/year,
which is more than double the national energy consumption in
2019. This study demonstrates the effectiveness of combining
satellite imagery analysis with deep learning techniques for
large-scale solar potential assessment.

Similarly, Gong et al. [2] proposed an improved
SegFormer model to identify different types of building roofs
and assess their PV potential in Nanjing, China. Their study
identified 412,106 suitable building roofs, covering an area of
170.6 square kilometers, with a potential installed capacity of
23,521.19 megawatts. This research highlights the importance
of advanced semantic segmentation techniques in accurately
identifying suitable rooftop areas for solar PV installation.

The application of machine learning, particularly deep
learning techniques, has revolutionized the field of solar
potential mapping. Srivastava et al. [3] utilized convolutional
neural networks, a type of deep machine learning technique, to
derive building roof areas from aerial remote sensing data. Their
approach demonstrates how high-resolution imagery can be
used to quickly analyze a building's roof capacity for green
energy production, offering a cost-effective alternative to
LiDAR sensors. The study also incorporated digital surface
models and sun-earth geometry to eliminate potential shadow
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areas from the roofs, providing a more accurate assessment of
solar PV potential.

Accurate solar radiation data is crucial for estimating
solar energy potential. Syarif et al. [4] used an Artificial Neural
Network (ANN) algorithm to model and predict solar irradiance
in Eastern Indonesia. Their study utilized 20 years of historical
data from NASA's climatological database to train and test the
ANN model. The resulting spatial mapping of solar irradiance
intensity for 174 districts in Eastern Indonesia demonstrates the
value of integrating long-term meteorological data into solar
potential assessments. The study found that Nusa Tenggara,
Maluku, Bali, and some areas of Sulawesi Island have the
highest solar irradiance, with the best intensity available during
the dry season from April to October.

The integration of Geographic Information Systems
(GIS) with solar potential mapping has become increasingly
important for urban planning and decision-making. Santra et al.
[5] examined solar power system planning and design
techniques based on GIS in Kolkata and nearby regions of West
Bengal, India. Their study produced a solar power plant
suitability map, identifying that 10.69% of the studied areas
were highly suitable for solar power plants, primarily in the
northwestern and northern regions of the examined area. This
research underscores the importance of geospatial analysis and
visualization in solar energy planning and highlights how GIS
can be effectively used to handle geospatial data related to solar
resource and site suitability conditions on various scales.

Recent literature in solar energy potential mapping
demonstrates a clear trend towards the integration of advanced
image processing techniques, machine learning algorithms, and
accurate meteorological data. The studies reviewed show
significant progress in rooftop solar potential assessment, image
segmentation for identifying suitable areas, integration of
meteorological data for accurate predictions, and the use of GIS
for visualization and planning. These advancements have
significant implications for urban planning, energy policy, and
the wider adoption of solar energy technologies.

3. SYSTEM ARCHITECUTRE

The Solar Energy Potential Mapping system is designed to
integrate satellite imagery, machine learning techniques, and
real-time meteorological data to provide accurate solar energy
estimations for rooftops and other surfaces. The system is
divided into several key modules

A. Key factors:
1) Data Acquisition:

a) Satellite Imagery: High-resolution satellite
images are collected for the target regions.

b) Real-time Meteorological Data: Data from
the SolarAnywhere API is used to gather
weather conditions such as solar irradiance,
temperature, and cloud cover, which impact
solar energy potential.

2)

3)

4)

5)

Image Segmentation:

a) Segment Anything Model (SAM): SAM is
employed for segmenting  rooftops,
vegetation, water bodies, and plain surfaces
in the satellite images. By leveraging its
advanced image segmentation capabilities,
we extract relevant areas for solar energy
analysis.

b) Fine-tuning of SAM: The segmentation
model is fine-tuned using project-specific
datasets to increase the accuracy of detecting
relevant surfaces such as rooftops.

Solar Energy Estimation: Using meteorological data
and the segmented image outputs, solar energy
potential is calculated by considering factors like
surface area, solar irradiance, and weather conditions.
This helps estimate the energy generation potential of
each segmented surface.

Visualization: The system visualizes the solar
potential through heatmaps, charts showing the energy
generation potential across different regions. These
visual representations help users easily identify
optimal areas for solar panel installation.

Cloud Hosting and Storage:

a) Cloud Storage: The images, masks, and
estimation results are securely stored in
cloud infrastructure.

b) Web Interface: A user-friendly web interface
is provided to access the mapping results,
allowing stakeholders to interact with the
data, analyze potential areas, and view
detailed energy estimation reports.

B. Working:

1)

2)

3)

4)

Input from the User: The user provides two key inputs
through the frontend interface: an image (typically a
satellite or aerial image of the location) and the
location's geographic data. These inputs form the
foundation of the solar potential mapping process.
Data Transmission to Backend: Once the image and
location data are submitted, they are transmitted to the
backend server. The server acts as the orchestrator,
directing data to the relevant modules for further
processing.

Image Processing for Solar Potential Evaluation: The
backend sends the image data to a machine learning
model, specifically designed to assess solar potential.
This model uses techniques such as image
segmentation and rooftop detection to identify areas
suitable for solar energy generation. The model
processes the image and outputs the potential area that
could be used for solar installations.

Real-time Data Request via SolarAnywhere API:
Simultaneously, the location data is forwarded to the
SolarAnywhere API, which provides real-time
meteorological and solar irradiance data for the
specified location. This information includes key
environmental  factors like solar radiation,
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temperature, and cloud cover, which are crucial for
calculating solar energy potential.

5) Backend Processing and Calculation: Once the image
analysis and real-time data from the SolarAnywhere
APl are obtained, the backend server performs
calculations to estimate the solar energy potential.
These calculations are based on the area detected by
the machine learning model and the real-time
environmental data, resulting in an estimate of the
solar energy that can be generated for that specific
location.

6) Output Generation and Visualization: The calculated
solar potential is returned to the frontend in a
structured JSON format. The frontend then visualizes
the results using interactive charts, heatmaps, and
numerical data, allowing users to see detailed insights
into the solar energy potential of the area under
consideration.
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Fig -1: System Architecture

4. MATHEMATICAL MODEL

The mathematical model underlying the solar energy potential
assessment system incorporates various factors to provide
accurate estimations of energy generation. This model relies
on two key components: segmentation of usable surface areas
and real-time solar irradiance data. The combination of these
components allows for the precise calculation of solar
potential for rooftops and other areas.

A. Energy Generation Potential (EGP) Calculation:

The Energy Generation Potential (EGP) is computed based on
Global Horizontal Irradiance (GHI) and other relevant
parameters like usable area, system efficiency, and temperature
effects. The formula is expressed as:

EGP = GHI * A * n_panel * n_system * (1 - a (T - 25°C))

Where:

1. EGP = Energy Generation Potential (kWh/day)

GHI = Global Horizontal Irradiance (kWh/m#/day)
from real-time meteorological data

A = Usable area (m?), calculated from segmentation
n_panel = Solar panel efficiency (0.15 to 0.22)
n_system = Overall system efficiency (0.75 to 0.85)
a = Temperature coefficient (e.g., 0.005 for 0.5%
efficiency loss per °C above 25°C)

N

ouew

7. T = Ambient temperature (°C)
B. Usable Area Estimation:

The total usable area for solar panel installation is estimated
after the segmentation of satellite images using the Segment
Anything Model (SAM). The Usable Area (A) is computed as:

A=A total * F_utilization

Where:

1. A =Usable area (m?)

2. A _total= Total area (m?), such as rooftop area

3. F_utilization = Utilization factor (typically 0.6 to 0.8,
representing space limitations)

C. Annual Energy Yield (AEY):

The Annual Energy Yield (AEY) provides a yearly estimate
of solar energy production. It is calculated as:

AEY = EGP * 365 * SF

Where:

=

AEY = Annual Energy Yield (kWh/year)

EGP = Daily Energy Generation Potential (kWh/day)
3. SF = Shading factor (between 0 and 1, where 1
means no shading)

n

D. Solar Potential Index (SPI):

The Solar Potential Index (SPI) serves as a metric to assess the
efficiency and feasibility of installing solar panels in a specific
area. It is defined as:

SPI = AEY / (A_total * C)

Where:
1. SPI = Solar Potential Index (dimensionless)
2. AEY = Annual Energy Yield (kwWh/year)
3. A_total = Total area considered (m?)
4. C =Cost factor (typically set to 1 for simple

comparisons)

This mathematical model allows for precise computation of
solar energy potential by incorporating both real-time data and
segmented usable areas, providing accurate and actionable
insights for solar installations.
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5. HARDWARE AND SOFTWARE
REQUIREMENTS

A. Hardware Requirements

1) High-Performance Computer:

a)

b)

c)

d)

e)

f)

Processor: Intel Core i7 or AMD equivalent
(8 cores, 16 threads recommended for faster
processing)

RAM: Minimum 16 GB (32 GB
recommended for handling large datasets and
real-time image processing)

Storage: Minimum 500 GB SSD (for fast
read/write speeds, especially when working
with satellite imagery and segmentation
results)

Graphics Card (GPU): NVIDIA GPU with
CUDA support (e.g., GTX 1080 or higher,
RTX series preferred for faster model
inference)

Display: Full HD or higher resolution (for
viewing large satellite images and detailed
maps)

Internet Connectivity: High-speed broadband
(for fetching real-time meteorological data
via the  SolarAnywhere APl  and
uploading/downloading cloud-stored data)

2) Cloud Services:

a)

b)

Cloud Storage: AWS S3, Google Cloud, or
any other cloud storage for storing segmented
images, masks, and energy potential reports.
GPU Cloud Instances: If processing on a
local GPU is not sufficient, cloud-based GPU
instances (e.g., AWS EC2, Google Cloud
GPU instances) can be used.

B. Software Requirements:

1) Operating System:

a)

Windows 10/11 (64-bit), macOS, or Linux
(Ubuntu 20.04 or higher)

2) Development Tools:

a)
b)

c)

Python (3.9 or higher): The main
programming language for development

VS Code/JetBrains PyCharm: Preferred IDE
for Python development

Git: Version control system for managing
code and collaboration

3) Libraries & Frameworks:

a)

b)
c)
d)

€)
f)

Segment Anything Model (SAM): For image
segmentation (SAM Model Checkpoints and
segment anything library)

OpenCV: For handling image pre-processing
and post-processing tasks

PyTorch: For SAM model loading and
inference

NumPy & Matplotlib: For data handling and
visualizing segmented outputs

Pillow: For image manipulation
SolarAnywhere API: For retrieving real-time
meteorological data (Python API/SDK or
HTTP requests)

g) Flask/Django/Next.js: For developing the
web interface for user interaction and
visualization (if applicable)

h) MongoDB: For database storage of
segmented data and energy estimates

4) Cloud Services:

a) SolarAnywhere API: For satellite images and
meteorological data retrieval

b) AWS S3: For cloud storage of results and user
data

6. CONCLUSION

This project on Solar Energy Potential Mapping leverages
advanced machine learning techniques, particularly image
segmentation using the Segment Anything Model (SAM), and
real-time meteorological data from the SolarAnywhere API.
The integration of these technologies allows for precise
identification of suitable solar installation sites, calculating
energy potential, and providing real-time insights for decision-
making. By combining satellite imagery and solar radiation
data, this project presents a practical solution to optimize solar
energy deployment, especially in areas with complex terrains
and varying environmental conditions. The proposed system not
only aids in improving solar energy generation efficiency but
also contributes to sustainable development by promoting the
use of clean, renewable energy sources. Future enhancements
could involve deeper integration of machine learning models
and expanding the database to cover a broader range of
geographical locations, thereby scaling the solution to a global
level.,

7. FUTURE SCOPE

The Solar Energy Potential Mapping project holds vast potential
for further development and innovation. Future work could
focus on the following aspects:

1) Enhanced Machine Learning Models: Incorporating
more advanced models for image segmentation and
energy potential prediction could further improve the
accuracy of rooftop identification and solar potential
estimates.

2) Global Expansion: Expanding the geographical
coverage by integrating datasets from multiple regions
worldwide can scale the project to provide a
comprehensive global solar energy potential map.

3) Integration of Additional Data Sources: Leveraging
data from other sources like weather satellites, climate
models, and detailed topographical maps can enhance
the precision of solar potential predictions, accounting
for micro-climatic variations.

4) Real-time Monitoring: Implementing real-time
updates with live satellite data and weather information
could offer more dynamic and current solar potential
assessments.

5) 1oT and Smart Grids: Integration with 10T devices and
smart grid systems can enable real-time tracking of
solar energy generation and consumption, optimizing
energy distribution and management at a larger scale.
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