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Abstract: Solar energy is playing a crucial role in easing the burden of environmental protection and
depletion of conventional energy resources. The use of solar energy in urban settings is essential
to meet the growing energy demand and achieve sustainable development goals. This research
assesses the solar potential of buildings considering shading events and analyzes the impact of urban
built forms (UBFs) on incoming solar potential. The primary data for constructing a virtual 3D city
model are derived from a UAV survey, utilizing drone deployment software for flight planning
and image acquisition. Geospatial modelling was conducted using the MATLAB Mapping Toolbox
to simulate solar irradiation on all the building envelopes in the study area in Jamshedpur, India.
The empirical investigation quantified annual solar potential for more than 30,000 buildings in the
region by considering time-varying shadowing events based on the sun’s path. The region’s annual
solar energy of 310.149 TWh/year is estimated. Integrating UAV-derived datasets with MATLAB
introduces a cost-effective and accurate approach, offering to develop 3D city models, assess solar
potential, and correlate the impact of urban building forms (UBFs) to incoming solar potential.

Keywords: 3D city model; spatial analysis; solar potential; unmanned aerial vehicle; rooftop and facades

1. Introduction

India has recently outperformed most economies globally, and it is imperative to
ensure sustainable growth. The drive to grow the economy comes with a massive demand
for energy and resources, pending environmental stress from waste production and resource
extraction [1]. The most important economic growth, human prosperity, and development
goals are energy access and transition to sustainable energy [2]. An unbroken supply
of clean, renewable energy is essential to counteract climate change and environmental
deterioration to promote social progress and economic prosperity [3].

One of the country’s ambitious goals is to achieve 500 GW of non-fossil fuel energy
capacity by 2030, where 280 GW must be from solar energy. Furthermore, India desires
to reduce the economy’s carbon intensity by 45% and carbon emissions by one billion
tons by 2030. Notably, India’s top priority is to attain net-zero emissions by 2070 [4].
According to MNRE-GEF-UNIDO, India has achieved remarkable progress in renewable
energy deployment, increasing installed capacity from 3.5 GW in 2002 to around 80.4 GW
(excluding big hydro) in June 2019 [3]. As of 31 December 2022, 167.75 GW of renewable
energy capacity was installed in the nation. Regarding the installed capacity of solar PV
systems, the REN21 Renewables 2022 Global Status Report has indicated India as the fourth
place globally [5].

Additionally, India is witnessing a sharp increment in urbanization. The percentage of
people living in cities was 28% in 2001, 31% in 2011, and 34% in 2019. According to UN
estimates, it will reach 41% in 2030 and almost 50% by 2050. Rapid urbanization has led to
unplanned, densely inhabited cities that have significantly altered the urban environment
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and have exponentially increased energy consumption [6]. To achieve sustainable devel-
opment goals, it is imperative to increase the capacity of solar energy utilization in urban
settings. Buildings are typically the main structural components of cities and are in energy
demand; the practical usage of building surfaces can produce sustainable solar energy [7].
The configuration of settlements and physical characteristics like size, shape, and density
are urban built form (UBF) elements [8]. It is critical to assess the practical solar potential
and provide optimal placement and sizing of PV systems before deployment, as the Indian
cities are unplanned, complex, and have dense concentrations [9].

The newest development in remote sensing for applications like energy mapping,
utility mapping, and sustainable urban planning is the 3D modelling of structures. A 3D
model’s ability to capture the distinctive details of a city can assist people in comprehending
both the city’s overall layout and visualizing how elements interact [10].

The quality and reliability of the primary data are essential to obtain accurate geom-
etry data and distinctive features of building structures [11]. Low-range remote sensing
technology is highly efficient in generating surface models. The 3D city models of the real
world are often generated based on survey methods like total station, Global Navigation
Satellite System (GNSS), unmanned aerial vehicles (UAVs), Light Detection and Ranging
(LIDAR), and other integrated technologies [12]. LiDAR can produce high-resolution
point cloud data but is the most expensive for topographic surveys [13]. On the other
hand, unmanned aerial vehicles (UAVs) provide accurate and comprehensive elevation
data, which can be used to classify land cover and land use precisely when compared
with conventional satellite images [14]. UAVs can accomplish significant tasks quickly,
accurately, and with higher resolution by generating millions of precise 3D points [15],
more than any other satellite data source; the tasks include cadastral surveying, earth
engineering, hazard monitoring, automated mapping, corridor surveying, utility mapping,
urban mapping, energy mapping, and terrain mapping [16]. UAVs have immense potential
for topographical mapping with real-time elevation data [17]. UAVs are used for urban
applications and building footprint extractions, allowing the generation of accurate 3D city
models and analysis of building structures [18].

Building Energy Modelling is the latest trend in research to assess energy demand
and sustainable energy production to estimate potential economic gains of communi-
ties [19]. Renewable energy production can be significant in urban areas if buildings are
designed, constructed, and operated to maximize energy performance and reduce carbon
emissions [20]. Previously, multiple-scale solar energy potential assessments were con-
ducted using various tools and methods, to estimate the two-dimensional solar potential
for installing rooftop PV systems [21]. The effective use of PV systems could be achieved
by conducting three-dimensional analysis and quantitative mapping of the solar potential
of urban surfaces involving building facades/walls along with the rooftops. Photovoltaic
generating components can be deployed on building walls/facades and rooftop PV instal-
lations if building facades are efficiently used, as building heights in urban areas continue
to increase rapidly.

In this study, geospatial modelling and analysis were conducted to compute the
solar potential of urban buildings involving walls along with rooftops. The developed
model is a comprehensive tool that considers physical, geographical, and technical pa-
rameters [22] [23] for assessing solar potential. By considering these factors, the model
provides a detailed and accurate analysis of the solar energy potential in the urban context.
One crucial aspect considered is the shading patterns caused by surrounding buildings.
Shadowing events in urban areas significantly correlate with the solar potential [24] due
to the heterogeneous nature of urban built forms and their impact on solar potential [25].
Considering these parameters, the model can provide insights into the optimal placement
of PV systems as the analysis provides a statistical correlation between physical parameters
and solar potential. Considering these factors, intricate urban details, and interactions,
the model offers valuable insights for decision-making processes related to solar energy
planning, infrastructure development, and renewable energy integration.
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2. Methods and Study Area

A case study is presented in this paper to estimate the solar potential of buildings
in Jamshedpur, India. Primary data were taken from the UAV survey to develop a sim-
plified 3D city model. Spatial modelling was carried out using MATLAB 2021b, which
was extensively used as a high-performance computational tool to model and solve com-
plex equations of energy systems [26]. Various physical parameters are considered to
estimate the incoming solar irradiation. Geographical aspects are evaluated to determine
the suitability of the region.

Additionally, technical calculations are performed to calculate the power generation in
the study area [27], for example, the duration of sunshine, changes in the sun’s path, slope,
aspect, site latitude, longitude, and elevation, as well as time-varying shadowing events
and climatic conditions. The developed framework to achieve the research objectives is
presented in Table 1.

Table 1. Framework of the research objectives.

Objective Required Data Tools/Methods

To generate a simplified 3D City Model
from the developed surface model using

collected high resolution images from
UAV

Primary field survey to extract high
resolution imagery data latitude and

longitude, Dense Point cloud data and
Ortho Mosaic

Drone Deploy for mission planning, AGI
Soft Metashape for Image stitching and

point cloud generation. UAV data
Processing. QGIS for feature editing to

generate building footprints. Global
Mapper for Point cloud data processing

for extracting building heights

To carry out spatial modelling using
MATLAB to estimate the solar potential

for dynamic solar illumination on a
simplified 3D City Model

3D City Model with discrete level of
detail LoD-1.1 MATLAB Mapping Toolbox

Assessment of the Model with
comparison to the experimental results

for model Validation

Theoretical Value of Solar Radiation and
Real-Time Solar Radiation Experimental Setup and MATLAB

2.1. Study Area

Jamshedpur is one of India’s most populated and well-planned industrial cities.
Jamshedpur is in Jharkhand State’s southern region at 22◦48′ N longitude and 86◦12′ E
latitude, as shown in Figure 1. This study area is representative of the rapidly urbanizing
areas with a considerable population and a high energy demand. Jamshedpur is the center
for commercial and industrial activities; one of the largest industries, Tata Iron and Steel
Company (TISCO), is in the city.



Buildings 2024, 14, 1781 4 of 20
Buildings 2024, 14, x FOR PEER REVIEW 4 of 20 
 

 
Figure 1. Study area. 

2.2. Data Acquisition to Develop 3D City Model 
UAVs that serve as terrestrial devices are emerging as data of higher spatial and tem-

poral resolution can be acquired [28]. Additional advantages include minimizing data col-
lection delays, movement flexibility, reduced cost, and effective delivery [29]. UAV image 
acquisition is used to develop the Digital Surface Model (DSM). A primary field visit has 
been made to understand the basic scenario of the study area (such as the presence of 
water, building structures, and vegetation heights). The field visit assisted in detecting 
static safe landing zones by involving factors like obstacle height and distance. Drone De-
ploy software was used for mission planning and image acquisition [30]. The flight cam-
paign was carried out at an average flying height of 95 m by a rotorcraft (RPAS) at 10 m/s 
flight speed and images were captured with a Sony of 1/2.3′CMOS sensor with an effective 
pixel of 8.29 M and field of view (FOV) of 81.4°. The flight trajectory with a flight direction 
of 165° is shown in Figure 2a. The flight line is planned with an optimum value for side 
and frontal overlap of 70 % [31] to avoid data gaps in steep terrains and to maintain image 
accuracy [32], as illustrated in Figure 2b. Frontal and side overlap should be increased to 
enhance the mosaic stitching process if the terrain is complex. However, increased overlap 
may increase the image count, battery consumption, and duration; stitching problems will 
elevate as more movements will be caught because of moving entities in the capturing 
area [33]. Therefore, additional post-processing adjustments are required to accommodate 
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2.2. Data Acquisition to Develop 3D City Model

UAVs that serve as terrestrial devices are emerging as data of higher spatial and
temporal resolution can be acquired [28]. Additional advantages include minimizing data
collection delays, movement flexibility, reduced cost, and effective delivery [29]. UAV
image acquisition is used to develop the Digital Surface Model (DSM). A primary field visit
has been made to understand the basic scenario of the study area (such as the presence of
water, building structures, and vegetation heights). The field visit assisted in detecting static
safe landing zones by involving factors like obstacle height and distance. Drone Deploy
software was used for mission planning and image acquisition [30]. The flight campaign
was carried out at an average flying height of 95 m by a rotorcraft (RPAS) at 10 m/s flight
speed and images were captured with a Sony of 1/2.3′CMOS sensor with an effective pixel
of 8.29 M and field of view (FOV) of 81.4◦. The flight trajectory with a flight direction of
165◦ is shown in Figure 2a. The flight line is planned with an optimum value for side and
frontal overlap of 70 % [31] to avoid data gaps in steep terrains and to maintain image
accuracy [32], as illustrated in Figure 2b. Frontal and side overlap should be increased to
enhance the mosaic stitching process if the terrain is complex. However, increased overlap
may increase the image count, battery consumption, and duration; stitching problems will
elevate as more movements will be caught because of moving entities in the capturing
area [33]. Therefore, additional post-processing adjustments are required to accommodate
large datasets and to enhance the accuracy of the 3D elevation model [34].
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Figure 2. Image accruing system to maintain overlap using UAVs. (a) UAV scan path (blue dots) of
each image acquired/captured. (b) Illustration of overlap in image accruing system.

The UAV survey was conducted over 1 week and has captured 5856 images. The
resulting images were processed using AGIsoft Metashape Professional software [35,36] for
geo-referencing, geo-correction, building a dense point cloud, and ortho stitching/mosaic
operations [37]. The processing time for image stitching and point cloud generation was
approx. 24 h. The primary datasets generated from the UAV survey are Ortho Mosaic,
which has a 5cm resolution (TIFF file format of size 15.8 GB), and dense point cloud,
which has a density of 18 points/m2 (LAZ file format of size 38.8 GB), and the developed
methodology is shown in Figure 3.
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Figure 3. Working methodology to generate a 3D city model from the UAV dataset.

3. Construction of 3D City Model

Three-dimensional city modeling can facilitate urban planning, property development,
better transportation, disaster simulation, tourism development, sustainable environmental
development, social and economic analysis, architecture and design, etc. [38]. The DEM
Point Cloud data derived from the UAV survey were processed in Global Mapper software
to transform raw data to obtain the Digital Surface Model (DSM) and Digital Terrain Model
(DTM). DSM is a depiction of the environment’s native and artificial elements, such as
trees, buildings, and other structural elements, which exist within the topographic surface
of the bare earth’s surface. In contrast to DSM, which also includes all static features like
vegetation, cars, and buildings, a DTM only shows the land’s surface [16]. The DTM point
cloud having the RGB colors associated with the terrain height is shown in Figure 4a and
the DSM point cloud capturing all the features in the study area is shown in Figure 4b. A
Normalized Digital Surface Model (nDSM) is calculated by subtracting DTM from DSM.
The Orthomosaic derived from UAV was used to extract building footprints, as shown
in Figure 5. Using the centroids of each building footprint and nDSM, the corresponding
height information of each building footprint is extracted [39].

A simplified three-dimensional city model with LoD-1 is generated by extruding
building footprints with the obtained height of each building by following the methodology
shown in Figure 3. The Open Geospatial Consortium (OGC) released CityGML [40], a
standardized data model in XML format. The format of the 3D models of city and landscape
characteristics might be exchanged between various applications and platforms due to this
standardized data model. Mapping, environment, urban planning, real estate, navigation,
simulation, architecture, and urban facilities management are just a few of the areas in
which these interchangeable formats can be used. The generated city model was imported
to MATLAB and visualized, as it offers a wide range of tools and functions for data
visualization [34]. Figure 6 showcases the digital representation of constructed buildings
in the study area. The ground survey was conducted to validate the obtained building
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attributes; vertical and horizontal accuracy was found to be ±0.2 m and ±0.3 m, respectively.
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Building Dataset

Building dataset attributes are classified using MATLAB to understand the physical
factors contributing to building energy performances and help gain insights into the
relationships between building attributes and incoming solar irradiation. The attributes are
assigned for each building in the dataset. Building attributes like building IDs, geometry
statistics like the height of the building, rooftop areas, wall areas, and building parcel
directions are made concisely in the master dataset, which is essential to obtain accurate
solar radiation. The statistical analysis to classify building features will assist in conducting
a correlation analysis between building entities and solar potential. The distribution map
of building heights, rooftop area, and facade area for the selected region under study are
shown in Figure 7. The area surveyed is 9.7 km2, having 30978 buildings with a rooftop
area of 2.67 km2 and a facade area of 6.79 km2. After eliminating buildings less than 2.5 m
in height and with a footprint area of less than 20 m2, the building height was validated
with field observations, and the maximum height of the building was 37.7 m.
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4. Solar Radiation Calculation

Geospatial modelling is carried out using MATLAB Mapping toolbox to estimate the
theoretical solar radiation attained by the building envelopes; the effects of time-varying
shading events are counted to enhance the estimation of direct irradiance and diffuse
radiation by considering turbidity factors depending on atmospheric conditions [41], as
shown in Figure 8. MATLAB software is a powerful numerical analysis program widely
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used in the research community for energy modelling and solar analysis [42–44]. Mapping
tools are proficient in generating high-quality graphical displays of geospatial data. The
toolbox provides functions and user interfaces to import, create, manipulate, simulate, and
represent geospatial data [45–47].
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Figure 8. Geospatial modelling framework for obtaining solar potential.

The irradiance accumulates over time and in different areas to represent the total
irradiance that can be theoretically received by each wall, roof, and building during each
day, month, or year. Ghouard’s model proposed empirical formulas related to astronomical
parameters and atmospheric conditions [48] that estimate solar radiation in the region
according to the latitudes.

The hourly global irradiance
(

Eglobal

)
for the sunshine duration throughout the year

has been calculated for all the building surfaces in the study area and is obtained using
Equation (1), as shown below:

Eglobal(h) = Edirect + Edi f f use (1)

where:

• h is the sunshine hours.
• Edirect is the irradiance directly incident on a face per unit area and can be calculated

using Equation (2), as shown below:

Edirect = SoCt A1exp
(
− A2

sin(hs)

)
sin(hs) (2)

Ct is the correction factor for earth–sun distance, which varies from 144 (21 December)
to 154 million km (21 June) and can be calculated using Equation (3), as shown below:

Ct = 1 + 0.034cos(j − 2), j ∈ [1, 365] (3)

• j is the day number of the year, ranging from 1 on 1 January to 365 on 31 December;
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• So is the solar constant, which is defined as the energy flux received per unit area
having a value of 1367 W/m2;

• A1 and A2 are coefficients of the turbidity factor;
• hs is solar elevation in degrees, representing the angle between the horizontal plane

with the sun direction, which varies from −90 (nadir) to 0 at sunrise and sunset to
−90 (zenith) and is calculated using Equation (4) from the geographical coordinates
represented by the latitude (ϕ degrees), solar declination (δ degrees), and altitude hour
angle (ω degrees), as shown below:

sin(hs) = sin(ϕ)sin(δ) + cos(ϕ)cos(δ)cos(ω) (4)

• Edi f f use is the diffuse irradiance that comes from all the space and has no privileged
orientation and is calculated using Equation (5), as shown below:

Edi f f use = SoCt

(
0.271 − 0.2939A1exp

(
− A2

cos(hs)

))
cos(hs) (5)

5. Results

PV modules are preferred for installation in areas with high spatial concentrations
of solar radiation. The annual solar radiation for each building surface is simulated
based on the accumulation of hourly solar irradiation over 2023. Vast areas of building
surfaces, including rooftops and walls, will receive solar radiation in the region. The global
irradiation for all the building envelopes is computed hourly; the duration in shadow
for each building envelope is counted to exclude the proportion of solar irradiation. The
surrounding buildings are recognized for shadow tracing for each building, as shown
in Figure 9. The solar elevation, azimuth, and incidence angle were calculated hourly,
which is crucial for shadow tracing. For the selected building rooftop, if the surrounding
building altitudes are lower, no shadow will be cast on the rooftop. The selected building
facades’ relative altitude is calculated, and the shading relationship is framed based on
the geographical coordinates, building geometry, surface azimuth, solar azimuth, and
tilt angle. The developed model calculates solar irradiation on an hourly basis during
sunshine hours. Hence, the daily, monthly, or yearly average radiation can be estimated
on selected buildings and building envelopes. The distribution of solar irradiation on
facades is simulated by considering the building wall azimuth, and the tilt is assumed to
be 90 degrees.

Figure 10 shows the visual representation of average solar irradiation for the selected
month and year on a set of sample building rooftops. The developed model can accumulate
the solar irradiance received by any surface of the building or set of selected buildings
during any day, month, or year. The 3D map outputs showcasing the solar potential can
be simulated for the preferred location and time, as shown in Figure 11. Also, ground
measurements are performed using a pyranometer to measure global irradiance on the
sample building rooftop hourly throughout 2023 to validate the model performance on
rooftop solar potential. The experimental setup consists of a pyranometer to measure the
solar radiation, a web camera was adjusted to read the solar radiation from the pyranometer
display, and the laptop recorded the video feed from the webcam, as shown in Figure 12.

The hourly solar irradiation is accumulated for the year, and the distribution of
monthly average global solar irradiation of the building surfaces in the study area, which is
classified based on building surface orientation, is shown in Figure 13. The visual represen-
tation of the distribution analysis provides valuable insights into how solar energy potential
varies depending on the orientation of the rooftops and facades. This level of detail enables
decision-makers to identify the optimal surface orientations for the specific geographical
location that maximizes solar energy generation throughout the year. Solar radiation had
almost even distribution in the west and east direction facades. North facades received
barely minimum irradiation, and shadowing events affected most west-direction facades.
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The monthly average daily irradiation values (GHI) for the study area range from
3.87 kWh/m2 (December) to 9.23 kWh/m2 (May). The monthly average solar irradiation
onsite for the selected rooftop (Figure 12) is 7.0366 kWh/m2, while the simulated value is
7.358 kWh/m2. This reveals that the strong correlation coefficient between simulated and
actual irradiation values is R = 0.83.

The PV yield is computed for the study area, and the effective area for deploying solar
PV systems on the building surface is assumed to be 50% [27]. Annual solar potential of
310.149 TWh is estimated for the research region and the monthly distribution of estimated
PV energy supply on building surfaces is shown in Figure 14. This detail is crucial for
optimizing the placement of solar PV systems to maximize renewable energy production
from the available building surfaces.
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Urban building forms (UBFs) can impact the solar potential. Two UBF indicators
(surface area and building height) are chosen to compute their relationship with urban solar
potential [49]. The relationship between these two indicators with solar potential is explored
by creating scatter plots. In the correlation analysis, the coefficient of determination
between building rooftop area and solar potential was R2 = 0.89, and between building
heights and incoming solar potential, it was R2 = 0.354. The results indicate that the
surface area is directly proportional to the solar potential, and building height alone is not
a feasible indicator.

6. Implications and Limitations

The developed model proposed an effective solution to construct a simplified 3D solar
city map by integrating building facades along with the rooftops. The generated 3D city
model is based on the CityGML standard, which utilizes Geographic Markup Language
(GML). It is an object-oriented data model that helps in generating 3D vector data. In
recent years, planning of smart cities has taken a new trend involving 3D modelling using
CityGML, as it is an open data model for storage, analysis, and representation, and it
facilitates the interoperability of virtual 3D city models.

The framework to assess solar potential can be applied to any CityGML-based city
model with Level of Detail-1 as the input data sources, processing algorithms, and vi-
sualization components, which can be tailored to the specific characteristics. Using the
geometric information available in the CityGML dataset, the Ghouard-based empirical
model can assess the solar incidence angles on building surfaces based on the sun path for
any location.

The code can be customized based on the various input parameters for the selected
location, like longitude correction, solar declination, solar azimuth, elevation, zenith,
sun-earth distance correction factor, turbidity factors based on atmospheric conditions,
climate data, etc. The findings are specific to the study region and might not be directly
applicable to other urban areas without adjustments for local conditions. However, the
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code developed for this model can be customized to adapt to other urban contexts beyond
the case study presented.

It is a challenge to obtain detailed building models in large urban areas; the generated
city model with Level of Detail-1 assumes that the rooftops are all flat. The received solar
radiation is significantly affected by sky clearness (cloudy, sunny, rainy) and atmospheric
air turbidity. This study calculates solar irradiance by assuming that clear sky and air
turbidity are normal. The diffuse radiation is anisotropic hourly radiation, whereas the
urban atmosphere is complicated and all the elements in the urban system will absorb and
generate radiation, which will affect the radiation attained by the buildings. The albedos
of materials used in building surfaces will also impact the solar radiation received by the
building surfaces, which is not considered part of the model.

The study uses simplified geometrical details for buildings, which might not accurately
capture complex shading patterns. This could lead to less precise simulations of solar
potential. The model does not consider other important UBF indicators such as terrain
variations, vegetation/green cover, materials, road networks, built density, and surface-to-
volume ratio. Including these factors could provide a more comprehensive analysis. The
current model is a scripted code, which limits its accessibility for end users who may not
have the technical expertise to use it effectively. Despite the limitation, the model can assist
in renewable energy integration and urban planning. The study highlights the impact of
facade orientation but does not provide detailed guidelines or solutions for optimizing
building designs to maximize solar potential across different orientations. The analysis
shows significant shading losses but does not explore potential mitigation strategies for
these buildings.

7. Conclusions

This study proposed a simplified 3D solar city model by integrating unmanned aerial
vehicle (UAV) datasets into MATLAB by acquiring geographic data to conduct spatial
analysis to simulate the solar potential on building envelopes, considering the shadowing
effects. The study and investigation of solar irradiation in relation to building parameters
is essential to identify the practical solar potential of any urban built form. Urban areas are
limited in available space, so harnessing the solar radiation from building facades could be
effective if significant portions receiving solar radiation are utilized. The findings in the
study show that shading effects have impacted the incoming solar irradiation, especially
on facades, to increase the solar capacity.

The building rooftops and facades receive an estimated global irradiance of
1323.95 kWh/m2/year and 821.65 kWh/m2/year, respectively, in the study region. The
impact of façade orientation is evident, as north-facing facades received only 1% of total
solar distribution on building surfaces. The rooftops less than 5m in height are dramatically
losing almost 46% of direct solar radiation due to shading events. Potential mitigation strate-
gies can be explored in future research. The buildings in the region are categorized based
on the received solar irradiation; almost 4405 buildings receive higher than 10 GWh/year,
and 8089 buildings receive between 5.0 and 10 GWh/year. The impact of shading loss is
significant, as the study area is densely populated. The rooftops of high-rise buildings are
not affected by shading, thereby being potential places for PV installations.

The findings illustrate physical constraints of urban built forms and morphology, e.g.,
building surface area, orientation, and associated building heights can significantly affect
the incoming solar radiation, highlighting the necessity to consider urban built forms for
sustainable urban planning and development.

Previous methodological approaches to rooftop solar assessments use multiple soft-
ware, technologies, tools, and models [16,27]. MATLAB Mapping toolbox, used as a
simulation tool in this study, leverages a single platform to conduct solar potential analysis
on building surfaces and continues with the correlation analysis of UBF indicators with
solar potential. The unified approach enhances the feasibility and cost-effectiveness, facil-
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itating comprehensive exploration of the relationship between UBF indicators and solar
energy potential.
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