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ABSTRACT

Assessing the photovoltaic (PV) potential of urban building facades is crucial for achieving urban energy tran-
sition and carbon reduction goals. However, traditional assessment methods overlook the vertical variation of
solar radiation intensity (SRI) on building facades, potentially underestimating the PV potential of local areas.
This study proposes a novel method that vertically divides building facades into layers and predicts the solar
radiation intensity (SRI) of each layer to evaluate the PV potential of building facades. Taking New York City as a
case study, our results show that the proposed Multi-Layer Geo-Attention Graph Neural Network (MLGA-GNN)
achieves better prediction performance than traditional machine learning and deep learning models. The spatial
distribution of SRI shows lower values in dense, high-rise city centers due to shading effects, and higher values in
peripheral areas with shorter, more spaced buildings. In the vertical direction, the SRI increases with height,
forming a clear upward trend along with building elevations. Further analysis reveals that the MLGA-GNN can
uncover significant differences in SRI between the top and bottom layers of buildings, helping to identify local
high-irradiance areas overlooked by traditional assessment methods. Moreover, economic benefit and carbon
reduction analyses based on different investment payback periods indicate that a 10-15-year payback period
achieves a good balance between returns and costs. This research enriches the methods for assessing the PV
potential of buildings at an urban scale, and provides decision support for the macro-layout and micro-design of
urban PV systems.

1. Introduction

1.1. Background

sector [3,4]. Building-integrated photovoltaic (BIPV) systems can not
only utilize solar energy resources for distributed power generation on-
site but also effectively reduce buildings’ dependence on traditional
fossil fuels. Research has demonstrated that the large-scale application

In the context of escalating global climate change and the growing
energy crisis, seeking sustainable energy solutions has become a crucial
agenda for the international community. According to a report by the
United Nations Environment Programme (UNEP) [1], in 2022, the
global building sector consumed approximately 34 % of energy and
generated about 37 % of carbon emissions, making it one of the major
contributors to energy consumption and greenhouse gas emissions. To
achieve the global goals of “carbon peaking” and “carbon neutrality,”
the low-carbon transformation of the building sector is particularly
important [2].

As a clean and renewable energy solution, solar photovoltaic (PV)
technology has shown immense potential for application in the building

of BIPV systems can significantly reduce carbon emissions during the
operational phase of buildings, making a substantial contribution to
achieving sustainable urban development and tackling climate change
[5].

BIPV systems can be broadly classified into two categories based on
their installation locations: rooftop PV systems and facade PV systems
[6]. Rooftop PV systems are currently the most widely used form, where
solar panels are installed on building rooftops, utilizing the rooftop
space for power generation. This installation method is simple, does not
occupy additional land resources, and does not affect the main structure
and appearance of buildings. Rooftop PV systems are suitable for various
types of buildings, such as residential, commercial, and industrial
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buildings, showing broad application prospects. In contrast, facade PV
systems integrate solar panels into the exterior walls of buildings,
forming an integrated building PV curtain wall. This approach not only
generates electricity but can also serve as a decorative material for the
building facade, enhancing the aesthetic value of the building.

While building rooftops are ideal locations for installing photovoltaic
systems, primarily due to their superior solar radiation reception con-
ditions and minimal shading effects, their limited installation area can
hardly support the electrical energy demand of an entire building,
especially for commercial or high-rise buildings [7-9]. In contrast,
building facades offer a much broader application space for photovol-
taics. According to the research by Esclapes et al. [10], in urban envi-
ronments, building facade areas account for approximately 60 %-80 %
of the total building surface area, indicating that building facades have
enormous potential for PV power generation. This significant area
advantage not only compensates for the insufficiency of rooftop areas
but also enables buildings to have larger-scale solar energy production
capabilities.

However, due to the complexity of the urban environment, accu-
rately assessing the PV power generation potential of building facades
still faces significant challenges. This assessment must consider multiple
factors, including building geometry, surrounding shading effects, solar
radiation conditions, and interaction among building groups. Tradi-
tional assessment methods often struggle to effectively handle these
complex spatial relationships, leading to limitations in the accuracy and
reliability of the prediction results. Therefore, developing more precise
and efficient prediction methods is of great practical significance for
promoting the large-scale application of BIPV systems.

1.2. Literature review

To systematically examine the current research status and progress
in building PV potential prediction, this section reviews research on both
building rooftops and facades.

1.2.1. Rooftop photovoltaic potential prediction

Rooftops have long been recognized as the predominant location for
the deployment of BIPV systems, primarily due to their advantageous
solar exposure, relatively unobstructed spatial conditions, and ease of
installation and maintenance [11]. These characteristics make rooftops
an ideal platform for harnessing solar energy in urban environments,
especially within the constraints of high-density development. As the
global emphasis on renewable energy intensifies, accurate assessment of
rooftop PV potential has become a critical step in optimizing urban solar
energy strategies [12].

Over the past decade, driven by rapid advancements in data acqui-
sition technologies and computational methods, the assessment tech-
niques for rooftop PV potential have evolved significantly. Early-stage
research primarily relied on geographic information systems (GIS),
remote sensing, and rule-based estimation models [13-15]. However,
recent developments in artificial intelligence (AI), machine learning,
and deep learning have led to the emergence of intelligent, high-
resolution prediction frameworks capable of handling large-scale
urban datasets with greater accuracy and efficiency. This methodolog-
ical shift has not only improved the precision of rooftop PV assessments
but also expanded their applicability across diverse urban morphologies
and climatic conditions.

Early studies mainly relied on GIS and remote sensing technologies
for rooftop PV potential assessment [16-18]. Singh et al. [19], using
Mumbai, India, as an example, established a comprehensive framework
for regional-scale rooftop PV potential assessment by integrating public
data, GIS analysis, and PVSyst simulation. The study not only considered
basic parameters such as building footprint ratio and available rooftop
area ratio but also incorporated environmental factors like irradiance,
temperature, and tilt angle into the assessment system. The results
showed that Mumbai’s PV installation potential reached 2190 MW, with
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a capacity factor of 14.8 %, capable of meeting 12.8-20 % of the daily
average electricity demand and 31-60 % of the early peak demand,
providing significant insights for urban energy planning.

With the rapid development of big data and artificial intelligence
technologies, a new generation of rooftop PV potential prediction
methods has emerged [20-22]. Zhong et al. [23] proposed an innovative
assessment framework based on deep learning, which has the following
features: developing a deep learning-based automatic rooftop area
identification algorithm for feature extraction; significantly reducing
training data preparation costs (by approximately 80 %) through a
spatial optimization sampling strategy; and precisely assessing the total
rooftop area (330.36 square kilometers) and potential installed capacity
(66 GW) in Nanjing, China, with an annual power generation potential
of 49,897 GWh.

In summary, research on rooftop PV potential prediction has formed
a relatively comprehensive technical system. From a methodological
perspective, the research has evolved from traditional GIS and remote
sensing techniques to intelligent methods such as machine learning and
deep learning, with assessment tools becoming more diverse and pre-
cise. Particularly in recent years, the introduction of artificial intelli-
gence technologies has provided new solutions for addressing key issues
such as data acquisition, feature extraction, and model optimization.
However, compared to building facade PV potential prediction, rooftop
PV assessment has natural advantages such as relatively easy data
acquisition and fewer shading effects, which are important reasons for
the rapid development of research in this field. These research findings
not only provide a reliable theoretical basis for the planning and design
of rooftop PV systems but also offer valuable methodological references
for subsequent research on building facade PV potential prediction.

1.2.2. Facade photovoltaic potential prediction

Compared to rooftop PV systems, the potential prediction of facade
PV systems has received relatively less attention [24]. However, with
the development of BIPV technology and the intensifying trend of urban
densification, facade PV systems show broad application prospects [25].
In recent years, an increasing number of studies have focused on facade
PV potential prediction and have proposed various novel methods and
techniques [26-28].

Simulation based on three-dimensional (3D) building models is
currently one of the main methods for assessing the power generation
potential of facade PV systems [29]. Brito et al. [30] conducted an in-
depth study of typical cases in Lisbon, Portugal, using digital surface
models obtained from LiDAR measurements and typical meteorological
year data. The study showed that PV systems combining rooftops and
facades could meet 50-75 % of the total electricity demand, with facade
PVs playing a significant role in satisfying winter electricity needs. From
an economic perspective, the payback period for pure rooftop schemes
can be less than 10 years, while the payback period for balanced rooftop
and facade configuration schemes is approximately 15 years. In the field
of rural buildings, Liu et al. [31] proposed an innovative evaluation
method that constructs rural 3D building models through publicly
available satellite images and vector maps for the first time, achieving
precise evaluation of the PV potential of rural buildings. The method
was validated by field solar radiation measurements, and the study
found that south- and north-facing rooftops, as well as south- and west-
facing facades, exhibited the highest PV potential. In particular, north-
facing rooftops with a 30° inclination account for 32.7 % of the total
rooftop PV potential, highlighting the importance of not overlooking the
potential contribution of specific building surface orientations.

To understand the factors influencing facade PV potential, Tao et al.
[32] evaluated the impact of urban morphology parameters by estab-
lishing machine learning models. Taking high-rise, high-density urban
areas in Hong Kong as an example, the study found that plot ratio,
building floor, building density, and perimeter shape factor are the four
most important parameters affecting facade PV potential. Furthermore,
based on the shortest payback period and maximum power generation,
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the study optimized the location, quantity, and transparency of BIPV.
The results showed that when the surrounding building heights are
lower, south-facing facades can achieve the optimal payback period and
power generation. This study provides new ideas and methods for pre-
dicting the PV potential of building facades in high-density urban areas.

However, existing facade PV potential assessment methods still have
significant limitations. The primary issue is the limitation of assessment
accuracy. Most studies treat the entire facade as a homogeneous surface,
overlooking the differences in solar radiation intensity (SRI) at different
locations on the facade due to shading from surrounding buildings. This
simplification may lead to biased assessment results, particularly for
areas with locally high SRI, where the actual PV potential may be
significantly underestimated. The second limitation is the research scale.
Existing high-precision studies are mostly limited to individual buildings
or small-scale areas, and their assessment methods and conclusions are
difficult to generalize to the urban scale. This limitation poses significant
obstacles to guiding the formulation of facade PV policies at the urban
level and highlights the necessity of developing new assessment
methods.

1.3. Objective, novelties, and contributions

To overcome the limitations of existing studies, this research pro-
poses an innovative urban-scale building facade PV potential assessment
method—Multi-Layer Geo-Attention Graph Neural Network (MLGA-
GNN). The core innovation of this method lies in its ability to accurately
assess the distribution of SRI at varying heights on building facades,
thereby enabling a refined assessment of facade PV potential. Compared
to traditional methods that simplify the entire facade, MLGA-GNN can
effectively capture the SRI variations along the vertical direction of
building facades through multi-layer modeling and geospatial attention
mechanisms. This refined assessment method not only accurately iden-
tifies facade areas with higher PV potential but also provides a basis for
optimizing the layout of PV systems. Particularly in high-density urban
areas, where the building shading effect is significant and the SRI varies
greatly across the facade, the MLGA-GNN provides important practical
value. Furthermore, the assessment results of this method can directly
guide the economic optimization of PV systems. By identifying high-
efficiency areas on the facade, unnecessary investment costs can be
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reduced by avoiding the installation of PV modules in low SRI areas,
thereby improving the overall economic benefits of the system. This
feature has significant practical implications for the large-scale promo-
tion of building facade PV systems.

2. Methodology

This study proposes a comprehensive framework for assessing the PV
potential of urban building facades (Fig. 1). The study first integrates
basic information such as building footprint contours, building heights,
and meteorological data. These datasets are used to generate detailed 3D
models of urban buildings, and solar radiation simulations are per-
formed to obtain specific radiation values for each building. On this
basis, the study further constructs building groups, identifies spatial
relationships between target buildings and surrounding buildings, and
extracts building graph features, laying the foundation for the subse-
quent application of deep learning models. In the model construction
stage, the study employs an innovative MLGA-GNN method. This
method first converts the extracted building features and solar radiation
simulation results into structured graph data, then captures the complex
spatial relationships and shading effects among building groups through
model training. The study’s outcomes include detailed PV potential
analysis of facades, research on the facade heterogeneity in both hori-
zontal and vertical directions, and comprehensive cost-benefit and car-
bon emission reduction analyses.

2.1. Study area and data collection

To verify the research framework, the study selects New York City
(NYC) as the study area (Fig. 2). NYC has approximately 1.08 million
buildings, providing an ample and diverse data foundation for model
training and validation. As one of the most representative metropolises
globally, NYC’s built environment embodies the typical characteristics
of modern urban development. From the dense high-rise commercial
districts in Manhattan to the relatively low-density residential areas in
Brooklyn, the significant differences in building heights, densities, and
morphologies within the city provide an ideal testing scenario for the
study, making the research results more widely applicable and valuable
for reference. As a typical high-density city, NYC’s building clusters
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Fig. 1. The workflow of the study.
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Fig. 2. The buildings in the study area.

exhibit a pronounced mutual shading effect, a complex spatial rela-
tionship that traditional facade PV assessment methods struggle to
accurately address. This characteristic provides an ideal research envi-
ronment to validate the advantages of the MLGA-GNN method in
handling building shading effects. From the perspective of solar energy
resources, NYC is located near 40°N latitude, with an average annual
solar radiation of approximately 4.0-4.5 kWh/m?/day, indicating a
good potential for solar energy development.

Moreover, NYC’s open data policy provides high-quality building
geometry and attribute data for the study, which are crucial for method
validation and promotion. All datasets in this study are sourced from
NYC’s open data website, which is freely accessible to all (Table 1).

2.2. Solar radiation simulation of building facades

Acquiring high-quality training data is a crucial step in model
development for building facade PV potential prediction research. To
train the MLGA-GNN model proposed in this study, we require a large
amount of accurate SRI data for building facades. However, in real-
world scenarios, directly measuring the SRI of each building facade in
a large-scale urban environment is not only technically challenging but
also requires substantial human and material resources, making it often
impractical. To overcome this limitation, this study employs building
solar radiation simulation methods to generate the necessary training

Table 1
The primary information of the datasets.
Index  Dataset Source Primary Samples Data
features format
1 Building NYC open Building 1,084,465 Shapefile
dataset data (https footprint, buildings (polygon)
://opendat building height,
a.cityofne geographic
wyork.us/) location, etc.
2 Weather EPW Map Air 8760 h GeoJSON
dataset (http temperature,
s://www.la relative
dybug.tool humidity,
s/epwmap global
/) irradiance, wind
speed, etc.
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data.

Among the various available solar radiation simulation tools, this
study selects Ladybug Tools as the primary simulation platform [33].
This choice is based on several key advantages: firstly, Ladybug Tools
can efficiently calculate solar radiation at different time steps, fully
considering the dynamic changes in solar position angles; secondly, the
tool can accurately simulate the shading effects between buildings in
complex urban environments, which is particularly important for radi-
ation assessment of high-density urban building clusters; lastly, it can
generate detailed radiation distribution data for building surfaces,
providing a reliable foundation for subsequent analysis. It is worth
noting that Ladybug Tools has been validated and applied in numerous
high-quality studies [34-36], and its simulation results have gained
widespread recognition in the academic community.

The specific simulation process is shown in Fig. 3. First, Level of
Detail-1 (LoD1) 3D models of all buildings in the study area are con-
structed using Rhino software. Then, the Ladybug Tools plugin is
invoked in Grasshopper to perform solar radiation simulations. In this
stage, we subdivide the building facades into 1-meter grid units and
precisely calculate the SRI for each grid at different time points. This
grid-based processing method ensures computational accuracy while
reflecting the spatial heterogeneity of facade radiation distribution.
Finally, the simulated radiation data is systematically organized to
establish a structured dataset containing building IDs, grid IDs, time-
stamps, and corresponding solar radiation intensities. These data pro-
vide a solid foundation for subsequent model training.

2.3. Building graph construction

2.3.1. Building groups and graph data construction

In urban environments, the shading influence of buildings on sur-
rounding structures rapidly diminishes as the distance increases. Based
on this characteristic and relevant research findings, this study proposes
a reasonable spatial influence range assumption: when the distance
between surrounding buildings and the target building exceeds three
times the height of the target building, the shading effect can be
considered negligible [37,38]. This assumption not only helps simplify
computational complexity but also aligns with the observed attenuation
pattern of shading effects.

Based on this assumption, we define a unique group for each build-
ing. Specifically, for any target building, we only consider the sur-
rounding buildings located within a radius of three times its height, with

Step 1: Data input Step 2: LoD1 3D model generation

Building footprint | gp{ [ Rhino 7 + Grasshopper
+ URBANO plugin

Building height

¥

%x®

Grasshopper Ladybug

Step 3: Set simulation parameters

1. Set simulation time period.

2. Load weather data (TMY).

3. Set grid size (Rectangular grid).

4. Material reflection parameter.

5. Select direct and diffuse solar radiation.
6. Run simulation.

3

Step 4: Aggregate and export results

1. Aggregate facade data from grid size to building
level in Grasshopper.

2. Export numerical results. (Format: Building ID,
XYZ coordinates, facade radiation.)

Fig. 3. The solar radiation simulation process.
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the target building as the center. As shown in Fig. 4, a typical building
group consists of a target building (marked in orange) and the sur-
rounding buildings within its influence range (marked in blue). In this
example, there are five buildings around the target building that fall
within its influence range, collectively forming a complete building
group. In a large urban environment like NYC, since the geometric
characteristics such as height and location of each building vary, their
corresponding influence ranges also change, allowing us to generate
approximately 1.08 million unique building groups.

To convert these building groups into data structures suitable for
graph neural network (GNN) processing, we further transform each
building group into building graph data. In real urban environments,
due to differences in building heights and volumes, the shading influ-
ence between buildings is directional: for example, the shading effect of
high-rise buildings on low-rise buildings may be significant, while the
influence of low-rise buildings on high-rise buildings is relatively small.
However, to simplify computational complexity and improve the
generalizability of the model, this study makes a simplifying assump-
tion: all influence relationships between buildings are considered bidi-
rectional, and therefore, undirected graphs are used to represent
building graph data. This representation method establishes an undi-
rected connection between the target building and each surrounding
building within its influence range.

2.3.2. Graph features definition and selection

This study draws upon previous research on building geometric
characteristics to define the node features and edge features of the graph
data [39-41], which describe the individual attributes of buildings and
the spatial relationships between them, respectively. However, directly
using all possible geometric features may lead to information redun-
dancy among the features, which not only increases computational
complexity but also affects the predictive performance of the model. To
address this issue, this study conducts a correlation analysis on all
candidate features. By calculating the Pearson correlation coefficients
between features and adopting a threshold of 0.7, the study selects a
subset of features with low collinearity. This feature selection strategy
ensures the information richness of the feature set while avoiding
excessive redundancy among features. Table 2 provides a detailed list of
the features that were selected and their main information.

2.4. MLGA-GNN model

2.4.1. Multi-layer division of building facades

In the assessment of PV potential on building facades, the spatial
distribution of SRI is a key factor. Traditional methods often treat
building facades as a whole, using a single average value to characterize
their solar radiation properties [28,42]. However, due to the shading
effects of surrounding buildings, building facades often exhibit signifi-
cant gradients in SRI along the vertical direction. To more accurately
capture this spatial heterogeneity, this study proposes a vertical multi-

Target building and its
surrounding buildings.

Building graph data.

Fig. 4. Converting buildings into building graph data in a building group.
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Table 2
The selected features.
Category Features Definition
Node Building height The vertical distance from ground level to
features the highest point of the building (m).
Building footprint The total ground area covered by the
area building (m?).
Building surface area  The total area of all external surfaces
including walls and roof (m?).
Building volume The total enclosed space within the building
).
Building shape The ratio of building surface area to building
coefficient volume (m™1).
Gross floor area The sum of floor areas of all levels within the
building (m?).
Built floor area ratio The ratio of gross floor area to building
footprint area.
Year of alteration The most recent year when significant
modifications were made to the building.
Average building The mean height of a building group (m).
height
Building density Number of buildings per unit area in the
building group (buildings/m?).
Floor area ratio The gross floor area is divided by the
building footprint area.
Normalized The total floor area of all buildings in the
compactness index building group.
Volume area ratio The building volume is divided by the
building footprint area.
Building coverage The total building footprint area is divided
ratio by the building group area.
Building height The height of the target building is
distribution subtracted from the sum of the heights of all
surrounding buildings in turn.
Edge Distance Euclidean distance between centroids of two
features buildings (m).
Azimuth Horizontal angle between two buildings
relative to true north (degrees).
Elevation Vertical angle between two buildings

(degrees).

layer division approach.
This method is based on a simplifying assumption that all positions at

the same vertical height on a building facade receive approximately the
same Solar Radiation Intensity (SRI). While this assumption neglects
potential local variations in the horizontal direction—such as differ-
ences caused by facade articulation or adjacent obstructions—it effec-
tively captures the dominant vertical variation pattern and significantly
reduces computational complexity while maintaining reliable accuracy.

As illustrated in Fig. 5, we uniformly divide each building facade into
10 vertical layers, with each layer representing approximately 10 % of

Roof Roof

10th
9th
8th
7th
» 6th

5th
4th
3rd

2nd
1st

Ground Ground
a) b)

Fig. 5. Building facade: Split it into 10 layers according to building height.
Traditional method (left), our method (right).

As a whole

Building height
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the total building height. Each layer corresponds to a single prediction
point, reflecting the average SRI within that height range. The decision
to use 10 layers balances spatial resolution with computational effi-
ciency: it is fine enough to capture meaningful vertical changes in SRI,
while avoiding excessive data volume or modeling complexity, which
would arise from overly fine stratification—especially in large-scale
urban simulations. This stratified modeling approach allows for a
more detailed assessment of vertical SRI variation compared to tradi-
tional holistic facade modeling, thereby offering a more nuanced and
practical basis for optimizing the vertical deployment of photovoltaic
(PV) systems.

2.4.2. Geo-attention mechanism

Although basic GNN models can aggregate information from sur-
rounding buildings to the target building, their simple information ag-
gregation approach struggles to accurately reflect the complexity of
inter-building influences in urban environments [43-45]. In real-
world settings, the degree of influence exerted by surrounding build-
ings on the target building often varies due to their spatial positions and
geometric characteristics. For instance, buildings that are closer in
proximity, larger in volume, or taller in height typically generate more
significant shading effects, while the influence of buildings that are
farther away or smaller in volume is weaker.

To more accurately characterize this differentiated spatial influence,
this study introduces the geo-attention mechanism. This mechanism
achieves adaptive weighting of the influence of surrounding buildings
by incorporating attention computation based on geospatial features.
Specifically, the geo-attention mechanism utilizes the spatial relation-
ships and geometric characteristics between buildings to calculate
attention coefficients, thereby quantifying the degree of influence
among different buildings. This enables the model to automatically
identify and highlight surrounding buildings that have significant in-
fluence while appropriately reducing the weights of buildings with less
impact. Through this differentiated weight assignment mechanism, the
model can more precisely capture the complex spatial interactions
within building clusters, thereby improving the accuracy of PV potential
predictions. This approach not only enhances the expressive power of
the model but also better aligns with the characteristics of inter-building
influences in real urban environments.

Specifically, Equations (1) and (2) represent the basic attention
mechanism, while Equations (3)-(5) represent the geo-attention mech-
anism proposed in this study.

e(h;, hj) = LeakyReLU(a'-[Wh;||Wh)) @

exp(LeakyReLU(a" - [Wh;|Wh;] ) )

a; = softmax; (e(hi, hj) ) = Zj,e/‘lexp(LeakyReLU(aT- [WthWh]} ) )

()]
flay) =12 @
e () — ™ % LeakyReL U (W1 ] @

i
oy = softmax; (e/(h;, hy) )
exp | @™ LeakyReLU (W h|[hy] )
_ ®)

> e/ €Xp <aT’(('¥2EU LeakyReLU (W [h;||hy] ) )

e ajj is the attentional weight of node i on its neighboring node j, W is
the weight matrix, a is the parameter vector used to compute the
attentional coefficients, h; and hj are the feature vectors of the node,
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LeakyReLU is the activation function, and SoftMax is the normali-
zation method.

e Ajj is the azimuth that is the angle between the line connecting
building; and buildingj and the north direction, Ej; is the elevation
between building; and buildingj, D;j is the distance between building;
and buildingj. When i = j, set A, Ej and Dyj to 1. Fig. 6 briefly il-
lustrates the relationship between A;j, Ejj and Dj;.

e Equation (3) converts the angular values of azimuth into continuous
numerical values with the same trend.

2.4.3. The workflow of MLGA-GNN

Fig. 7 illustrates the complete workflow of the MLGA-GNN model,
encompassing the entire process from model input and training to final
output. In the data preprocessing stage, the model first vertically divides
the facade of each target building into 10 equal layers and constructs a
graph data structure for each layer, establishing spatial associations with
surrounding buildings. It is worth noting that during the graph data
construction process, the height feature of each facade layer is updated
to its actual height, rather than using the total building height, allowing
for a more accurate representation of features at different height posi-
tions. The model takes node and edge features as input “X” and uses the
solar radiation simulation values obtained from Section 2.2 as training
labels “Y”.

During the model training phase, MLGA-GNN first processes the
input graph data through the geo-attention mechanism, computing and
assigning spatial attention weights. Subsequently, the model performs
feature extraction and information aggregation through multiple layers
of GNNs, enabling it to fully learn the complex spatial interactions
within building clusters. Finally, the model outputs corresponding pre-
diction values for each facade layer, forming a complete vertical dis-
tribution of solar radiation on the building facade. This layer-based
modeling strategy not only provides higher spatial resolution but also
allows the model to more accurately capture variations characteristics of
solar radiation on building facades.

Compared to conventional models such as regression or basic GNNs,
the proposed MLGA-GNN better captures the vertical variation of solar
radiation by dividing facades into layers, and improves prediction ac-
curacy through a geo-attention mechanism that accounts for the spatial
influence of surrounding buildings. While this approach increases model
expressiveness, it also introduces additional computational cost and
relies on the simplifying assumption of horizontal uniformity within
each layer. Nonetheless, it offers a practical balance between accuracy
and efficiency for large-scale urban PV potential assessment.

Building j

North

East

Building 7

Fig. 6. The relationship between azimuth, elevation, and distance.



Z. Lietal

Energy & Buildings 347 (2025) 116255

Model Inputs =

Model Outputs

* Features: Node features, Edge features.
*  Target: Solar radiation values

. (‘)

12¢) The target building (Multi-
layer facade).
e (Blue) Its surrounding buildings.

/ ARVIRYE each layer of the building
\ \ \ \ facade.
V y J J
3 p § y AV
m ALY
AN
y
{ A
b V | J

The value of solar radiation on

Multi-layer geo-attentio!} graph neural networks

Fig. 7. The workflow of the MLGA-GNN model.

2.5. Estimation of PV power generation potential

To evaluate the actual PV power generation potential of building
facades, it is necessary to convert the solar radiation values into ex-
pected electrical energy output. The conversion process can be calcu-
lated using Equation (6) [46]:

FPViyotentiat = PCE X Tperiod X SRI X 17 (6)

where the parameters are defined as follows:

® FPVpotensial: €xpected PV power generation

e PCE: photoelectric conversion efficiency of the PV system

¢ Tperiog: cumulative time of solar radiation

e SRI: solar radiation intensity per unit of time

e 1: system performance coefficient, used to consider the loss factors
during long-term operation of the equipment

Based on existing research findings and practical application expe-
rience [47-49], this study adopts the following parameter settings:

e PCE = 15 % (photoelectric conversion efficiency)
¢ Tperiod = 1 year (annual cumulative power generation)
e 1 = 90 % (effective coefficient considering system losses)

2.6. Estimation of investment cost and carbon reduction

To assess the economic feasibility and environmental benefits of
building facade PV systems, we constructed a comprehensive evaluation
framework that calculates the SRI installation thresholds, net income,
and carbon reduction under different payback period scenarios [50-52].

The calculation process utilized actual data from the NYC government
and relevant departments, including average electricity prices
($0.1611/kWh) [53], PV system investment costs ($1.56/W) [54], and
carbon emission factor (0.3705 kg/kWh) [55]. Considering the long-
term performance degradation of PV systems, we assumed that from
the 11th year onwards, the system efficiency would decrease to 80 % of
its initial efficiency [56].

First, we determine the installation threshold for SRI using Equations
(7) and (8). Equation (7) calculates the initial investment cost, and then
Equation (8) is used to derive the minimum SRI,5 required for a 25-year
payback period. This threshold represents the minimum SRI needed for
the investment to be exactly recouped within 25 years under given
conditions: (INV: initial investment cost, Cy: investment cost per watt of
PV system, CAP: PV system capacity).

INV = Cy*CAP @

INV
SRIys = 8
* 7 25 % PCE X Tyerioa X *ER ®)

For installation locations that meet or exceed the SRI,5 threshold, we
further evaluate their economic benefits using Equations (9) and (10).
Equation (9) calculates the annual cost savings (ACS), while Equation
(10) considers the changes in benefits over different periods and com-
putes the total net income over 25 years: (ER: electricity rate, NIs: net
income over 25 years).

ACS = FPVpoteniia*ER 9

NIys = ACS10*10 +ACS15*15 —INV (10)

Finally, the environmental benefits are evaluated using Equation
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(11), which calculates the total carbon emission reduction of these PV
systems over their 25-year operational period: (CR: carbon reduction,
CEF: carbon emission factor).

CR = FPVyieniiat *CEF an

2.7. Metrics for evaluating model performance

To evaluate model performance in predicting PV potential on
building facades, this study employs two common standard evaluation
metrics: root mean square error (RMSE) and R-squared R? [57], with
the calculation formulas shown in Equations (12) and (13). RMSE
measures the prediction accuracy by calculating the average deviation
between predicted and true values, with smaller values indicating lower
prediction errors. R2, on the other hand, reflects the model’s ability to
explain data variability, ranging from O to 1, with values closer to 1
indicating better model fit and reflecting the correlation between pre-
dicted and actual values. These two metrics provide a systematic eval-
uation of the model’s predictive performance from different
perspectives.

1 ~
RMSE = n Z i - ¥:)? 12)
V=

n a2
Rzzl_Zizl(yi*.yl) (13)

Z?:l (.yi - }_’)2

where, n is the total number of samples, y; is the actual solar radiation
value of the i-th sample, yi is the predicted solar radiation value of the i-
th sample, y is the mean value of all actual samples.

3. Results
3.1. Model prediction performance comparison

To validate the performance of the MLGA-GNN model, this study
selected five representative models for comparison: machine learning
models including Gradient Boosting Decision Tree (GBDT) [58],
Random Forest [59], and Deep Neural Network (DNN) [60], and GNN
models including Graph Convolutional Network (GCN) [61] and Graph
Attention network (GAT) [62]. These models cover different types of
learning methods and provide a comprehensive evaluation of the pre-
dictive performance of MLGA-GNN.

From the experimental results in Table 3, it can be observed that
GNN-based models generally perform better than traditional machine
learning methods, fully demonstrating the advantages of GNNs in pre-
dicting PV potential in buildings. Specifically:

GNNs vs. Traditional ML methods: Comparing GCN and GAT with
traditional machine learning methods such as GBDT, Random Forest,
and DNN, it is found that GNN-based models achieve better performance
on all metrics. Taking RMSE as an example, the performance of GCN and

Table 3
Performance of different models on building facades.

Solar radiation Radiation intensity Total radiation

indicators
Metrics RMSE R- RMSE R-
Squared Squared
Machine GBDT 0.7404  0.5333 1.0241  0.7110
learning Random forest 0.6518  0.6215 0.9192  0.7699

DNN 0.7212 0.5352 1.0820 0.6759
GNNs Graph Convolutional 0.6316  0.6492 0.8588  0.8130

Network (GCN)

Graph attention 0.5810 0.6989 0.7998 0.8623

network (GAT)

MLGA-GNN (our 0.5639  0.7219 0.7790  0.8833

work)
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GAT (0.8588 and 0.7998) is significantly better than that of GBDT,
Random Forest, and DNN (1.0241, 0.9192, and 1.0820). This is mainly
because GNNs can effectively utilize the topological relationships be-
tween buildings and incorporate the information of surrounding build-
ings into the feature representation of the target building. In contrast,
traditional ML methods can only use the attribute features of individual
buildings, ignoring the influence of the building environment.

GAT vs. GCN: Further comparing two mainstream GNN models, GAT
outperforms GCN. This is due to the introduction of an attention
mechanism in GAT when aggregating neighboring node information,
allowing the model to adaptively assign importance to different neigh-
bors and focus on surrounding buildings that have a greater association
and stronger influence on the target building. For example, in terms of
the R-squared metric for SRI, GAT achieves 0.6989, surpassing GCN’s
0.6492.

MLGA-GNN vs. GAT: The proposed MLGA-GNN model achieves the
best performance on all evaluation metrics, further improving the pre-
diction performance. This is mainly attributed to the incorporation of
rich geometric features (azimuth angle, pitch angle, and distance) into
the attention computation, enabling the model to more comprehensively
characterize the spatial relationships between buildings. For instance,
the RMSE (0.7790) and R-squared (0.8833) of MLGA-GNN are both
superior to those of GAT (0.7998 and 0.8623).

3.2. Solar radiation distribution on facade layers

This study assesses the PV potential of building facades in NYC by
analyzing the distribution of SRI. The research methodology involves
uniformly dividing the facades of each building into 10 height layers and
calculating the SRI at each level to generate 10 detailed spatial distri-
bution maps (Fig. 8). The analysis results reveal significant spatial het-
erogeneity in solar radiation on building facades, which is mainly
reflected in two dimensions:

In the horizontal direction, there are significant differences between
different regions. Due to the high density of buildings and mutual
shading, central urban areas generally receive lower SRI on their facades
than peripheral areas with lower building density. It is worth noting that
this horizontal difference becomes more pronounced with increasing
height, mainly because the influence of shading from surrounding
buildings gradually decreases at higher positions.

In the vertical direction, the SRI exhibits an increasing trend with
increasing height. The lower levels of buildings experience the most
significant shading effect from surrounding buildings, resulting in
generally lower SRI. In contrast, the top levels are least affected by
shading and more readily receive direct sunlight, resulting in the highest
SRI. This vertical gradient feature is prevalent in various regions of NYC,
but the degree of gradient may vary among different regions.

4. Discussion
4.1. Comparison to the traditional assessment method

To highlight the innovative value of this research, we compared the
traditional evaluation method with the multi-layer evaluation method
employed in this study. Fig. 9 clearly demonstrates the differences in
evaluation results between the two methods, indicating that the tradi-
tional method may underestimate PV potential of building facades (The
regional differences in the black circles are particularly pronounced).
The traditional holistic evaluation method has significant limitations: it
treats the entire facade as a single entity and calculates the average SRI,
masking the vertical gradient of SRI, leading to an underestimation of
the potential at the upper parts of buildings and an overestimation at the
lower parts. Furthermore, in the traditional evaluation results, many
buildings only exhibit moderate or low SRI (light red areas), and this
averaging process may cause some local high-radiation areas (especially
at the upper parts of buildings) to be overlooked. More importantly, such



Z. Lietal

Energy & Buildings 347 (2025) 116255

Unit: kWh/m2/year !
[710.0-264.7

[ 264.7-3769
N 376.9 - 479.9

B2

) 4th layer

W 4799 - 617.0
W 617.0-872.1 |

‘Dethlayer @) Tthlayer

b Sthlayer

i) Oth layer j)l0thlayer

Fig. 8. Distribution of SRI on different building facade layers.
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Fig. 9. Comparison of solar radiation distribution. (Note: our method is shown here only for the 10th layer, the full distribution is shown in Fig. 8).

averaging may mislead decision-makers’ judgments, causing some
buildings with good local solar exposure conditions to be excluded from
PV development plans due to low overall scores.

In contrast, the multi-layer evaluation method proposed in this study
has significant advantages: by evaluating in layers, it accurately reflects
the variation of SRI along the vertical direction of building facades,
particularly the high-radiation characteristics at the top layer, providing
a more reliable basis for comprehensively assessing the PV potential of
buildings. The results show that most building tops exhibit high SRI (red
areas), which helps identify the most valuable areas for development
and provides guidance for the optimal layout of PV systems. Based on
the multi-layer evaluation results, more targeted development strategies
can be formulated: prioritizing the deployment of PV systems in high-
radiation areas (e.g., top layers) and adopting other energy-saving
measures in low-radiation areas, thereby improving overall energy uti-
lization efficiency.

This refined evaluation method not only improves the assessment
accuracy but also provides more valuable insights for planning and
designing building PV systems. By overcoming the limitations of tradi-
tional methods, the multi-layer evaluation method opens up new per-
spectives for assessing the PV potential of urban buildings, contributing
to the scientific layout and efficient utilization of building PV systems.

4.2. Spatial heterogeneity analysis of solar radiation intensity

The findings in Fig. 8, reveal significant spatial heterogeneity in the
distribution of solar energy resources on building facades in NYC, pri-
marily in horizontal and vertical dimensions. In the horizontal dimen-
sion, central urban areas, due to high building density and tall
structures, exhibit pronounced shading effects between buildings,
resulting in lower SRI on facades. In contrast, peripheral urban areas
have lower building density and larger spacing, reducing the shading
effect and thus generally experiencing higher facade SRI. This horizontal
difference directly reflects the influence of urban land use intensity and
the built environment.

In the vertical dimension, the SRI on building facades increases with
height, which is mainly related to the solar altitude angle and sky view
factor. The lower levels of buildings are heavily shaded by surrounding
buildings and ground features, resulting in the smallest sky view factor
and, consequently, the lowest SRI. As height increases, the shading effect
gradually weakens, and the sky view factor increases, allowing the fa-
cades to receive more direct solar radiation. It is worth noting that even
in the central urban areas with overall lower SRI, the top facades of some
high-rise buildings still exhibit high SRI, highlighting the importance of
height advantage in solar energy resource acquisition.
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These findings have guiding significance for optimizing building PV
applications in NYC. Firstly, differentiated PV development strategies
can be formulated: prioritizing the promotion of building-integrated PVs
in areas with higher SRI, such as the urban periphery; for high-rise
buildings in the central urban areas, customized PV system designs
can be adopted for their top facades. This strategy helps maximize the
economic benefits of PV systems while alleviating urban energy supply
pressure. Secondly, the research results provide new ideas for urban
planning and architectural design. For new buildings, shading effects
can be minimized without compromising building density by optimizing
parameters such as layout, spacing, height, and orientation; for existing
buildings, targeted PV renovation plans can be developed based on the
SRI distribution of their respective regions.

4.3. Vertical distribution differences of solar resources on building facades

To further quantify the vertical differences in solar radiation on
building facades, we calculated the difference in SRI between the tenth
layer (near the roof) and the first layer (near the ground) of each
building based on the aforementioned facade layering results (Fig. 8),
generating a vertical difference distribution map (Fig. 10). The results
show that the range of difference values is 0-473.7 kWh/m?, with an
average value of 157.5 kWh/m? Considering the solar conditions in
NYC, this vertical difference is highly significant, further confirming the
necessity of a refined evaluation method.

From a spatial distribution perspective, areas with larger difference
values are mainly concentrated in northern Manhattan, southern
Brooklyn, and southern Queens (red circled areas in Fig. 10(c)). This
finding is somewhat unexpected, as these areas have lower building
density and height than central Manhattan. A possible explanation for
this phenomenon is that due to severe shading effects in central Man-
hattan, building facades exhibit lower SRI from the bottom to the top
layers, resulting in relatively smaller vertical differences. This result
reveals the complexity of the formation mechanism of vertical differ-
ences in solar radiation on building facades and suggests the need for
more in-depth research on the formation mechanisms of radiation dis-
tribution in different regions.

The vertical difference distribution map not only highlights the SRI
differences between the top and bottom layers of building facades but
also quantitatively describes the magnitude of these differences. For
areas with larger difference values, the top layers of their building fa-
cades often have higher SRI, indicating that these areas have good po-
tential for PV installation. This further proves that when assessing the PV
potential of urban building facades, adopting a refined evaluation
method can more accurately and efficiently identify high-potential
areas, thereby improving the utilization efficiency of PV resources in
urban vertical spaces.

Energy & Buildings 347 (2025) 116255

These findings have significant implications for the planning and
design of urban PV systems. The identification of vertical differences in
SRI across building facades enables a more nuanced and location-
specific deployment strategy. At the macro level, areas exhibiting high
vertical SRI gradients can be identified as priority zones for PV system
development. Urban planners can leverage this information to concen-
trate PV infrastructure in high-irradiance districts, thereby enhancing
the overall energy yield of urban areas. At the micro level, the refined
SRI data supports facade-level design decisions. For instance, in build-
ings located in high-gradient zones, PV panels should be preferentially
installed on upper facade layers where solar exposure is greatest.
Conversely, in areas with relatively uniform SRI distribution, other
factors—such as architectural form, shading from adjacent structures, or
aesthetic considerations—may play a more prominent role in deter-
mining the optimal PV configuration. This differentiated and data-
informed strategy not only improves the efficiency of solar energy uti-
lization on building facades but also aligns with broader sustainable
urban development goals. It supports the creation of adaptable energy
systems that are tailored to the specific spatial and environmental
characteristics of each urban context.

4.4. Cost-benefit and carbon reduction analysis

This study systematically assessed the economic feasibility and
environmental benefits of building facade PV systems. Table 4 presents
the analysis results under different payback period scenarios, ranging
from 5 to 25 years, including the required minimum SRI thresholds,
economic benefits (net income), and environmental benefits (carbon
reduction). The analysis revealed a clear inverse relationship between
the payback period and the SRI threshold. As the payback period
shortened from 25 to 5 years, the required minimum SRI increased from
329.2 to 1448.4 kWh/m?/year, indicating that shorter payback periods
demand better solar conditions.

The results showed a positive correlation between the payback
period and system benefits. Taking the 25-year period as an example,
installing PV systems on facades that meet the minimum SRI

Table 4
The results of cost benefits and carbon reduction.

Payback period ~ Threshold of SRI Net income Carbon reduction
(year) (kWh/m2/year) (billion $) (million tons)

25 329.2 39.6 238.0

20 402.3 38.1 204.5

15 517.3 31.0 146.4

10 724.2 7.2 29.0

5 1448.4 0.0 0

| Unit: kWh/m2/year
1 £10.0-264.7

Unit: kWh/m2/year

‘| M 617.0 - 872.1

i} [10.0-2647

| [ 264.7 - 376.9 | [ 264.7 - 376.9

| 3769 -479.9 ™ ) | W 376.9-479.9
‘| M 479.9-617.0 , o ‘Minus'| Wl 479.9 - 617.0 .

. R

‘| Unit: kWh/m2/year
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i CJ63.2-117.9

.| I 117.9- 165.1
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a) The 10th layer’s SRI.

b) The 1st layer’s SRI.

c) Vertical distribution differences.

Fig. 10. The map of vertical differences of solar radiation on building facades.
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requirement (>329.2 kWh/mz/year) can achieve a net income of $39.6
billion and a carbon reduction of 238 million tons. This demonstrates
that extending the payback period reduces capital turnover efficiency
but can generate greater long-term economic and environmental
benefits.

In practical applications, it is necessary to weigh the advantages and
disadvantages of different investment periods. While the 25-year plan
yields the highest overall benefits, it requires significant initial capital
pressure. The 10-15-year medium-term plans offer a more balanced
performance in terms of benefits and SRI requirements. For instance, the
10-year plan can already achieve a carbon reduction of 29 million tons,
making it a potentially ideal choice. The 5-year plan, on the other hand,
is more suitable for projects seeking rapid investment returns but re-
quires higher installation conditions.

This analysis provides valuable guidance for formulating differenti-
ated PV development strategies. Investors can choose suitable building
facades based on their objectives: projects pursuing quick returns pri-
oritize high SRI areas, while projects focusing on long-term benefits can
cover a wider range. Policymakers can develop targeted incentive
measures based on local conditions, including solar energy resources,
electricity price levels, and environmental protection goals, to promote
the rational layout and optimal configuration of PV systems.

4.5. Limitations and future work

The MLGA-GNN model proposed in this study is innovative in pre-
dicting building PV potential, but there is still room for optimization in
the definition of building graph data. Currently, the model simplifies all
relationships between buildings into an undirected graph structure,
assuming mutual influence among buildings. Although this simplifica-
tion reduces modeling complexity, it does not fully reflect real-world
conditions. In practice, the influence between buildings is often asym-
metric. A typical example is that the shading effect of high-rise buildings
on surrounding low-rise buildings is significant, while the influence of
low-rise buildings on high-rise buildings can be ignored. To address this
simplification, we introduced three parameters to adjust the geo-
attention coefficients. However, this compensatory measure still
cannot fully overcome the limitations of the undirected graph repre-
sentation, which may affect the model’s prediction accuracy. With the
advancement of high-performance computing technology, future
research can consider adopting a directed graph structure to more
accurately represent the asymmetric relationships between buildings.
This improvement not only enables a more realistic reflection of the
mutual influence between buildings but also has the potential to further
enhance the model’s predictive performance.

5. Conclusion

This study proposes an innovative MLGA-GNN model for assessing
the PV potential of urban building facades. By vertically stratifying
building facades and incorporating a geospatial attention mechanism,
the model can more accurately capture the spatial distribution of SRI on
building facades. Experimental results on 1.08 million buildings in NYC
demonstrate that the MLGA-GNN model significantly outperforms
traditional machine learning methods and basic GNN models in terms of
prediction accuracy. By introducing the geospatial attention mecha-
nism, the model better portrays the complex spatial relationships among
building clusters.

Compared to traditional evaluation methods, the stratified evalua-
tion approach in this study has significant advantages. The averaging
approach of traditional methods may overlook some local high-radiation
areas (especially on the upper parts of buildings), excluding buildings
with good local solar conditions from PV development plans due to their
lower overall scores. In contrast, the stratified method in this study not
only accurately reflects the variations of SRI along the vertical direction
of building facades but also provides a more reliable basis for optimizing
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the layout of PV systems.

Moreover, the SRI on building facades exhibits significant hetero-
geneity in spatial distribution. Horizontally, due to differences in
building density, the SRI received by facades in central areas like
Manhattan is generally lower than that in surrounding areas such as
Brooklyn and Queens. Vertically, the SRI shows an increasing trend with
height, with the difference between the top and bottom layers reaching
up to 473.7k Wh/m?. The spatial distribution of this vertical difference
varies significantly across different regions, fully reflecting the profound
impact of NYC’s complex urban morphology on the distribution of solar
energy resources.

Economic and environmental benefit analyses indicate that the
payback period is inversely related to the SRI threshold, with a 5-year
payback period requiring a minimum SRI of 1448.4 kWh/mz/year. In
the long run, the 25-year plan can achieve a net income of $39.6 billion
and a carbon reduction of 238 million tons, demonstrating significant
economic and environmental benefits. The 10-15-year medium-term
plans achieve a balance between benefits and costs, making them
potentially more suitable choices for practical applications. These
findings provide important decision-making references for promoting
building PV projects in NYC.

The research findings have important practical implications for
urban PV development. Based on the results from NYC, a typical global
high-density city, this study provides a scientific basis for planning
urban PV systems and supports the formulation of differentiated
development strategies. By accurately identifying high-potential areas
on building facades, it can guide the optimal layout of building PV
systems and improve the utilization efficiency of solar energy resources.
These findings offer viable paths for achieving low-carbon trans-
formation in the building sector.
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