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ABSTRACT

The assessment of building solar potential plays a pivotal role in Building Integrated Photovoltaics (BIPV)
and urban energy systems. While current evaluations predominantly focus on rooftop solar resources, a
comprehensive analysis of building facade BIPV potential is often lacking. This study presents an innovative
methodology that harnesses state-of-the-art Artificial Intelligence of Things (AIoT) techniques, Geographic
Information Systems (GIS), and Meteorology to develop a model for accurately estimating spatial-temporal
building facade BIPV potential considering 3 Dimension (3D) shading effect. Here, we introduce a zero-shot
Deep Learning framework for detailed parsing of facade elements, utilizing cutting-edge techniques in Large-
scale Segment Anything Model (SAM), Grounding DINO (Detection Transformer with improved denoising
anchor boxes), and Stable Diffusion. Considering urban morphology, 3D shading impacts, and multi-source
weather data enables a meticulous estimation of solar potential for each facade element. The experimental
findings, gathered from a range of buildings across four countries and an entire street in Japan, highlight the
effectiveness and applicability of our approach in conducting comprehensive analyses of facade solar potential.
These results underscore the critical importance of integrating shadow effects and detailed facade elements to

ensure accurate estimations of PV potential.

1. Introduction

The increasing urgency of addressing global environmental chal-
lenges, such as climate change and energy security, has underscored
the importance of transitioning to renewable energy sources [1,2]. At
Conference of the Parties 28 (COP28) in Dubai, United Arab Emirates
(UAE), over 130 national governments pledged to triple the global
installed renewable energy capacity to 11,000 GW by 2030 [3]. Solar
energy stands out mainly through photovoltaics (PV) technology due
to its vast potential and sustainability. As per the International Energy
Agency (IEA), in 2023, solar PV alone constituted three-quarters of
global renewable capacity additions [4]. This substantial growth not
only lessens dependence on fossil fuels but also aids in curbing green-
house gas emissions, paving the way for a cleaner, more sustainable
energy landscape [5].

In urban settings, establishing extensive centralized solar power
plants is frequently unfeasible due to space limitations and elevated
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land expenses [6]. In contrast, distributed Building Integrated Photo-
voltaics (BIPV) systems emerge as a practical alternative [7]. According
to the requirements, BIPV solutions are available in various forms,
including semi-transparent glass facades, cladding, and roof tiles [8].
By seamlessly integrating PV panels into building structures, BIPV
systems not only supplement the energy needs of buildings [9] but also
contribute significantly to the penetration of renewable energy in urban
environments. They offer flexible installation options for both urban
renewal and new construction projects, optimizing the use of typi-
cally underutilized surfaces like rooftops and facades [10,11]. Research
findings indicate that BIPV can significantly contribute to distributed
energy generation, promoting a more sustainable and resilient urban
energy infrastructure. Specifically, a case study of a 1970s residential
building undergoing refurbishment showed that integrating BIPV in
renovation scenarios could lead to energy efficiency improvements,
with potential gains compared to the baseline of up to 122%. These

E-mail addresses: zhiling.guo@polyu.edu.hk (Z. Guo), j-jerry.yan@polyu.edu.hk (J. Yan).

1 Equal contribution.

https://doi.org/10.1016/j.adapen.2025.100212

Received 26 September 2024; Received in revised form 27 November 2024; Accepted 14 January 2025

Available online 27 January 2025

2666-7924/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).


https://www.elsevier.com/locate/adapen
https://www.elsevier.com/locate/adapen
https://orcid.org/0000-0002-2532-6117
https://orcid.org/0000-0003-0300-0762
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.google.com/maps/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://www.mapbox.com/
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
https://doi.org/10.1016/j.rser.2018.03.003
mailto:zhiling.guo@polyu.edu.hk
mailto:j-jerry.yan@polyu.edu.hk
https://doi.org/10.1016/j.adapen.2025.100212
https://doi.org/10.1016/j.adapen.2025.100212
http://crossmark.crossref.org/dialog/?doi=10.1016/j.adapen.2025.100212&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

K. Dong et al.

scenarios also demonstrated economic benefits, including a payback
period of 14-18 years and an internal rate of return (IRR) between 5.3%
and 5.9%.[12].

Current methods have limitations: they often do not consider build-
ing facades, overlook important details, and fail to account for three-
dimensional characteristics. Accurately evaluating solar potential in
urban environments is crucial for maximizing the performance of BIPV
systems. Research indicates that the potential for facade BIPV in cities
like Beijing could reach 239% of the energy generation potential of
rooftop PV systems [13]. However, conventional approaches have pre-
dominantly focused on rooftop PV assessments, frequently overlooking
the significant opportunities for energy generation and architectural
integration that building facades offer [14,15].

Assessing the solar potential of building facades poses several chal-
lenges compared to rooftops. Facades are significantly affected by
complex interactions within urban environments, including dynamic
shading from neighboring buildings. Unlike rooftops, facades utilize
a variety of materials, from glass to different types of cladding, each
requiring a specific BIPV solution. This diversity complicates the ac-
curate modeling of facade PV potential. Estimating solar potential has
traditionally relied on simple geometric parameters, but these meth-
ods often overlook complex shading and surface interactions, leading
to inaccurate energy yield predictions. Advanced 3 Dimension (3D)
modeling techniques, like Light Detection And Ranging (LiDAR) and
Unmanned Aerial Vehicle (UAV), improve accuracy but are costly, slow
to update, and lack the semantic detail needed for selecting optimal
PV installation sites [16-18]. Geographic Information Systems (GIS)
and deep learning approaches show promise in rooftop assessments,
yet struggle with facade evaluations due to their reliance on sim-
plified assumptions and limited capacity for parsing crucial semantic
information [19-22].

Furthermore, achieving accurate parsing of facade elements without
access to a substantial training dataset is a notable challenge, leading to
inaccurate PV potential estimates and suboptimal system designs [23,
24]. The complexities of urban morphology - including varying shading
effects influenced by seasonal and temporal changes — are frequently
excluded from these assessments, further compromising the accuracy
and practical value of the analyses [25]. The multifaceted nature of
facade PV potential assessment requires a more advanced and context-
aware approach, which traditional methods, relying heavily on remote
sensing and simplified assumptions, are unable to provide (see Figs. 1
and 3).

To address these challenges, we introduce an innovative methodol-
ogy, as illustrated in Fig. 1, that utilizes advanced AloT [26], GIS [27],
and meteorology to intricately estimate spatiotemporal facade BIPV
potential across individual facades, buildings, city blocks, and entire
streetscapes. Our approach begins with the analysis of RGB images
captured by IoT devices, using Grounding DINO (Detection Trans-
former with improved denoising anchor boxes) [28] and zero-shot Seg-
ment Anything Model (SAM) [29] to automatically identify and mask
obstructions in photographic data without requiring a large amount
of training data. Subsequently, a Stable Diffusion-based inpainting
model [30] is employed to reconstruct building surfaces, facilitating the
precise segmentation of windows and walls to pinpoint suitable areas
for PV panel installation.

A key innovation of this study is the differentiation between var-
ious facade elements — such as glass windows and opaque walls —
and the application of distinct photovoltaic technologies accordingly.
Specifically, we incorporate semi-transparent BIPV systems for window
elements, which allow for natural light transmission, and opaque BIPV
modules for walls, which provide higher energy conversion efficiency.
By modeling these facade elements separately, our approach ensures a
more precise assessment of the potential for solar energy harvesting,
considering the unique properties of each type of surface material.

By developing a detailed 3D simulation model of urban struc-
tures integrated with multi-source weather data, geometry projection,
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and cumulative insolation, we conduct comprehensive analyses of PV
potential that consider dynamic shading effects and material-specific
efficiencies. The proposed assessment method demonstrates significant
adaptability by evaluating facade parsing performance across regions
with diverse architectural styles and urban configurations. By con-
ducting evaluations at different spatial scales, ranging from individual
buildings to entire streetscapes, our approach ensures robustness and
scalability.
The major contributions of this study are fourfold:

1. Framework for assessing building facade solar potential:
We developed a framework for assessing building facade solar
potential that integrates AloT, GIS, and meteorology, providing
a holistic solution that goes beyond traditional rooftop-focused
evaluations.

2. Deep Learning technique for facade parsing: We introduced
a zero-shot Deep Learning technique leveraging advanced meth-
ods like Large-scale SAM, Grounding DINO, and Stable Diffusion,
enabling precise parsing of facade elements without the need for
extensive training data and enhancing analysis accuracy.

3. Information fusion methodology from 2D and 3D aspects:
We created a methodology that utilizes 2D images and 3D foot-
prints to estimate shadows on facade elements, advancing the
analysis of building solar potential and offering insights into the
impacts of shading on PV efficiency.

4. 3D simulation tool for BIPV potential: We innovated a 3D sim-
ulation tool for spatial-temporal evaluation of building facade
BIPV potential, incorporating urban morphology, 3D shading
impacts, and multi-source weather data to enhance the depth
and accuracy of our analysis.

2. Related works

In recent years, methods for assessing PV potential on buildings
have been extensively researched, leading to the development of nu-
merous techniques and tools to enhance accuracy and efficiency [31].
However, most of these studies have focused on refining the assessment
of PV potential specifically for building rooftops. For instance, Singh
and Banerjee [32] utilized GIS and high-resolution land use data to
estimate the rooftop PV potential in Mumbai by analyzing satellite
images. Hong et al. [33] employed GIS data for shadow vector mod-
eling to simulate sunlight exposure on building rooftops at various
times, combining this with weather data for comprehensive PV poten-
tial assessment. Several studies have integrated remote sensing image
processing techniques, using high-resolution images and digital surface
models (DSM) to analyze rooftop structures and available areas for
PV potential assessment. For example, Hu et al. [34] combined this
approach with the Normalized Difference Vegetation Index (NDVI) for
object recognition, estimating the rooftop PV potential in Beijing. With
the advent of deep learning technologies, researchers have increas-
ingly processed remote sensing images using deep learning models to
identify roof areas suitable for PV model installation and to assess
their potential further. Assouline et al. [35] employed a random forest
algorithm combined with GIS data to estimate the rooftop PV potential
across Switzerland. This method predicted multiple variables, including
available roof area, slope, orientation, and shading factors, providing a
detailed assessment of PV power production potential. Walch et al. [36]
integrated physical models with GIS and machine learning to evaluate
the rooftop PV potential across Switzerland. Zhong et al. [37] devel-
oped a deep learning semantic segmentation model coupled with a
spatial optimization sampling strategy, significantly reducing the labor
cost of training roof extraction models while robustly extracting roofs
of different architectural styles and land use areas for PV potential
assessment. Additionally, Tan et al. [38] utilized generative Al for
remote sensing imagery data augmentation, enhancing the robustness
of the training model for PV potential estimation.
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Despite abundant research on rooftop PV potential, there is a no-
table scarcity of methods for analyzing the PV potential of building
facades. This disparity is primarily due to the limited and expensive
availability of 3D data sources required for facade analysis, in contrast
to the various data sources available for rooftop PV potential assess-
ment, such as remote sensing images. For instance, Prieto et al. [17]
utilized LiDAR data and 3D modeling techniques to evaluate the solar
potential of buildings. Similarly, Brito et al. [18] integrated LiDAR data
with urban environments to assess the solar potential of buildings in
Lisbon. However, the high cost and limited accessibility of LiDAR data
significantly impede its widespread generalization and applicability.
Cheng et al. [39] addressed this limitation by extending 2D building
footprint data to 3D and employing shadow modeling for PV poten-
tial assessment. In more recent studies, Liu et al. [21] introduced a
novel approach for assessing solar PV potential on both rooftops and
facades in rural areas by constructing 3D building models from publicly
available satellite images and GIS data. Chen et al. [22] modeling 3D
building models by using remote sensing images to segment building
footprints and estimate building heights to assess the PV potential of
building facades and roofs. Nevertheless, LiDAR and 3D building foot-
print data lack semantic information about building facades, making it
challenging to perform a detailed PV potential assessment of facades
comparable to that of rooftops. Meanwhile, most studies continue to
treat facade PV potential assessment as a byproduct of rooftop PV
modeling. Even though some efforts have employed remote sensing
and deep learning to expand the availability and precision of 3D data
for more refined PV potential assessments, these improvements remain
largely confined to rooftop evaluations [19,40,41].

Recent advancements in facade parsing leverage deep learning to
enhance segmentation and detection accuracy in urban environments,
tackling occlusions and facade variability. Early approaches, like the
multi-scale contextual attention network by Zhang et al. [42], improved
semantic segmentation by capturing fine details and multi-scale con-
textual information. Liu et al. [43] integrated architectural knowledge
into deep learning models to detect facade elements, addressing ap-
pearance variability and enhancing detection in complex scenes. Zhou
et al. [44] focused on occlusion handling, developing techniques to in-
terpret partially visible elements accurately. Wang et al. [45] advanced
this by introducing a progressive feature learning approach, incremen-
tally refining feature understanding to manage occlusions better. Chen

et al. [46] emphasized spatial relationships between elements, using
contextual information to improve parsing accuracy. Past methods ad-
dressing occlusion issues often assume a certain correspondence in the
structure of building facades or utilize deep neural networks to capture
the contextual semantic information of facade structures for better
element segmentation. However, relying on prior knowledge of facade
elements to infer structural patterns frequently leads to erroneous
virtual assumptions. For instance, with such assumptions, facade photos
taken from oblique angles suffer from geometric distortion, causing
the element arrangement to appear skewed in a 2D perspective. This
distortion makes it challenging for models to make accurate inferences
based on previously learned knowledge. Another issue is the diverse ar-
chitectural styles of building elements, which vary significantly across
countries, cities, and regions. To develop a robust and accurate facade
element parsing model applicable in real-world scenarios, extensive
training on a vast dataset encompassing various angles, facade styles,
and forms is necessary. However, existing facade datasets do not meet
these requirements, and the cost of training on such extensive data
is prohibitively high. These limitations constrain the applicability of
current facade parsing methods in real-world settings.

Thanks to recent developments in computer vision, driven by the
development of foundational models, there has been a significant
improvement in robust performance across various tasks. Ground-
ing DINO, leveraging the Transformer architecture, excels in object
detection by capturing contextual relationships within visual data,
outperforming traditional CNNs in handling occlusions and varying
object scales [28]. SAM, known for its semantic segmentation capabil-
ities, has demonstrated superior performance in delineating complex
scenes, including urban landscapes and natural environments [29].
Diffusion Models have introduced a novel approach to generative mod-
eling, progressively refining noisy data to produce high-quality images,
showcasing significant success in image synthesis and enhancement
tasks [30]. Composite models, such as Grounded Segment Anything,
integrate the strengths of these foundational models, combining object
detection and segmentation to provide detailed and context-aware
image analyses, proving effective in diverse environments and applica-
tions [47]. These foundational models and their composite variations
underline the substantial potential for innovation in computer vision.
Since these models have been trained on large-scale datasets, they can
perform well in their respective tasks and have generalization charac-
teristics in the real world, even without any further training for specific
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tasks. Combining these models and utilizing their superior performance
can achieve excellent usage effects even without additional training.
Therefore, while significant advances have been made in estimating
BIPV potential through the integration of GIS, remote sensing, and
deep learning technologies, the primary focus remains on rooftops,
with very little on the facade. Although innovative methods have also
been applied to assess the solar potential of building facades using
3D data, the scarcity of accessible, cost-effective, and semantically
rich 3D data presents a major obstacle. This highlights the need for
further development of new technologies and approaches to enable
more comprehensive and accurate evaluations of facade BIPV potential.

3. Methodology
3.1. Methodology framework

This study introduces a novel method for assessing the PV potential
of building facades by integrating advanced computer vision and 3D
shadow modeling techniques, as depicted in Fig. 2. The methodology
encompasses a series of processes aimed at estimating solar insolation
and leveraging it for BIPV, primarily on facades.

The framework combines building footprint data, which in this con-
text refers to the geometric representation of a building’s outline as seen

from above, with facade RGB images. Building footprint data provides
the two-dimensional shape of the building at ground level, capturing
its perimeter and spatial extent. When combined with building height
information, these footprints enable the creation of three-dimensional
building models. This data is foundational for accurately aligning fa-
cade RGB images with building geometry, as well as for modeling
the shading interactions between urban building clusters. Leveraging
3D building footprint data, the method analyzes the interaction of
sunlight with different segments of the building facade across various
temporal scales, offering a detailed perspective on the facade’s exposure
to solar energy over time. By applying a deep learning model to parse
facades in RGB images, we segment them into windows and walls. It
is worth noting that in this research, we consider BIPV materials. Glass
curtain walls and other glass-based materials are classified as windows,
enabling a comprehensive evaluation of the window-to-wall ratio for
each building. The estimation of solar insolation is then integrated
with the facade segmentation results to ascertain the incident solar
energy on different parts of the facade. By incorporating meteorological
data into the analysis alongside the detailed building profile, the BIPV
output from the facade is estimated, providing a comprehensive under-
standing of the solar energy potential of building facades. The following
section of the methodology part will introduce the specific methods for
data acquisition, facade parsing, shadow casting simulation, and BIPV
output estimation.
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3.2. Data acquisition and coupling

To validate the methodology proposed in this paper, we meticu-
lously selected distinct building cases from diverse regions worldwide
for in-depth analysis. Our dataset comprised 18 buildings situated in
various cities and regions spanning Japan, Australia, Germany, Sweden,
and the United States. Specifically, we conducted detailed estimations
for individual buildings in Sydney, Australia; Gottingen, Germany;
Stockholm, Sweden; and Lexington, United States. In the case of Japan,
our analysis focused on the facades of buildings lining both sides of a
street in central Tokyo.

The RGB images capturing the facades of these buildings were
sourced from Google Street View, while the 3D building footprint data
was extracted from Mapbox. To collect facade imagery, we utilized
the Google Street View API to gather street-level images across diverse
urban settings. This approach ensures a wide coverage of different
architectural styles and environments. For skyscrapers and heavily oc-
cluded facades, we adjusted the camera angles and positions to obtain
high-quality usable images for facade analysis. Moreover, alternative
data collection methods can be employed for skyscrapers where street-
level images are insufficient. Drone-based imagery acquisition offers a
flexible solution, allowing for multi-angle coverage of high-rise facades,
particularly those at altitudes that are challenging to capture otherwise.
In addition, handheld mobile devices can be used to collect high-
resolution localized facade segments, particularly in areas where drone
usage is restricted due to regulations. These alternative methods ensure
that the data collected is comprehensive and suitable for detailed
facade parsing and solar potential assessment across diverse building
types.

This data was instrumental in contextualizing the buildings within
their surrounding environments and in estimating solar irradiation
patterns, factoring in inter-building shadows. Meteorological data es-
sential for the analysis was sourced from the National Solar Radia-
tion Database (NSRDB) [48]. Through geo-positioning techniques, we
seamlessly integrated the acquired RGB images, 3D urban data, and
meteorological information in a unified spatial-temporal framework for
comprehensive analysis.

3.3. Deep learning building facade parsing from RGB images

This study introduces a novel deep learning framework for building
facade parsing, as shown in Fig. 3, that integrates the SAM, Grounding
DINO, and Stable Diffusion models. This integrated approach enables
efficient segmentation, detection, and reconstruction of building fa-
cades, addressing challenges such as occlusions and the need for precise
semantic understanding.

Our framework employs the SAM for robust facade element segmen-
tation and occlusion segmentation in urban street scenes. Developed
by Meta Al Research, SAM is based on the Vision Transformer (ViT)
architecture and utilizes the Segment Anything 1B (SA-1B) dataset. This
dataset features over one billion high-quality masks derived from 11
million diverse, privacy-respecting images. The extensive and varied
nature of the SA-1B dataset enables SAM to exhibit remarkable zero-
shot segmentation capabilities, adapting effortlessly across a variety of
urban scenes.

SAM'’s training incorporates a unique “data engine” that progresses
through stages of assisted manual annotation, semi-automatic annota-
tion, and fully automatic annotation. This iterative training approach
not only enhances SAM’s segmentation accuracy but also its efficiency
in realworld applications, allowing it to handle complex segmentation
tasks such as separating building facades from occluding objects in
dense urban environments. This makes SAM exceptionally suited for
practical deployment where versatility and adaptability are crucial.
Specifically, SAM produces binary segmentation masks M for an input
image I based on point prompts p or bounding boxes B:

M = foam(I.p. B) eh)
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In this equation, fgay represents the segmentation function, where
the model segments the input image I into regions of interest (e.g., win-
dows or occlusions) based on user-provided annotations such as points
or bounding boxes. While SAM is effective for general segmentation, it
lacks the ability to distinguish between different instances, limiting its
applicability in facade element analysis, where multiple distinct objects
(e.g., windows, walls) must be identified.

To overcome this limitation, our framework incorporates Grounding
DINO, an innovative model that reformulates the object detection task
into a phrase grounding task. This model adeptly combines extensive
linguistic descriptions with visual data, facilitating the recognition of a
diverse array of objects across datasets such as COCO [49], 0365 [50],
and Openlmage [51]. Grounding DINO is pre-trained on a comprehen-
sive corpus that includes not only image-text pairs but also category
names sampled from various conventional object detection datasets to
simulate diverse textual inputs during training. Additionally, the model
leverages grounding data from sources like GoldG, which contains
images in Flickr30k entities [52,53] and Visual Genome [54], and RefC
data and semantically-rich caption data to improve performance on
novel categories.

The robust pre-training approach of Grounding DINO encompasses
traditional detection data, grounding data preprocessed by MDETR [55],
and pseudo-labeled caption data, providing the model with rich se-
mantic contexts. This methodology significantly enhances the model’s
ability to generalize from textual descriptions to visual representations,
making it exceedingly valuable for applications such as dynamic urban
scene analysis, where the detection of emerging object types is crucial.

The model employs separate feature extraction backbones for both
the input image I and the text prompt 7', resulting in image features
Fimg and text features Fiey:

F img = f; img_backbone(I ), Fext = fi text_backbone(T) (2)

These features are fused using a cross-attention mechanism, aligning
the image and text features to enhance the model’s understanding of the
objects described in the text:

A = CrossAttention(Fjpg, Fiext) 3)

Grounding DINO utilizes a language-guided query selection process
to generate bounding boxes for regions of interest such as occlusions
and windows. The top N query indices are selected from the fused
feature space to generate the final bounding boxes B.qiusion:

Bocclusion = fdecoder(A) @

These bounding boxes are then passed to SAM to refine the segmen-
tation of the occluded areas and window regions, resulting in more
accurate and context-aware segmentation. To prevent residual occlu-
sion information from affecting the subsequent image reconstruction
process, we expand the segmentation mask to account for boundary
inaccuracies:

M,, = dilate(M) 5

After segmentation, we apply Stable Diffusion, which has been
trained on LAION-5B and subsets thereof [56], for image inpainting.
Stable Diffusion leverages a denoising process within the latent space,
allowing for efficient high-resolution image synthesis while preserving
fine architectural details. The model first encodes the input image into
a lower-dimensional latent representation, and through a series of iter-
ative denoising steps, it progressively refines this latent representation,
guided by the semantic information from the input text prompt. The
cross-attention mechanism ensures that the generated image remains
consistent with the described facade elements, such as windows and
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walls.

Upon completing the denoising process, the decoder maps the re-
fined latent code back to the image space, generating a newly inpainted
image where occlusions are reconstructed based on architectural con-
text:

Ihew = fstablebiffusion(1) (6)

Finally, Grounding DINO and SAM are employed once more to
analyze the restored building facade image, providing a detailed and
precise segmentation of facade elements such as windows, walls, and
occlusions. The distinct structural components of the facade are repre-
sented as a set of elements, denoted by E = {e|,e,,...,¢e,}:

E = fGrounding pINO+5AM (new: Telement) = {€1: €2, ... ¢, } 7

In this equation, I,., represents the newly inpainted building fa-
cade image, and Tyjemen: Tefers to the textual prompt used by Grounding
DINO to guide the object detection process. The function
fGrounding piNo+sam  denotes the combined operations of Grounding
DINO and SAM, which extract and identify individual facade elements,
such as windows and walls.

3.4. Simulation of shadow occlusion on building facades from 3D building
footprint data

In densely built urban environments, solar radiation often cannot
fully reach building facades due to mutual shading caused by adjacent
structures. Accurately assessing the PV potential of facades, therefore,
requires considering shadow casting by surrounding buildings. To ad-
dress this, we employ the pybdshadow package (developed by our
research team [57]) to simulate shadow conditions on building facades
at different times of day, allowing for more precise solar radiation
estimates and, consequently, more reliable assessments of PV potential.
The influence of varying incident angles on solar radiation is dynami-
cally modeled using the pybdshadow package, ensuring that both direct
and reflected solar energy components are accurately represented based
on the time-specific orientation of each facade.

Facade geometries, particularly window placements, are derived
from image analysis and perspective transformations. These trans-
formations rectify images of facades taken at oblique angles into
frontal views, ensuring the correct relative positions of windows and
facade elements. In real-world scenarios involving complex architec-
tural forms, we combine automatic perspective transformation with
interactive point selection, enabling users to manually define key points
when necessary. For complex cases where automatic transformation is
insufficient, manual point selection is used to identify the four corners
of the facade, allowing a more accurate transformation to a frontal
perspective.

Then, the segmented window masks are fine-tuned to correct small
errors, trim irregular contours, and conform to the actual window
structure. Edge points of the window masks are then projected onto
the corresponding three-dimensional building footprint data, provid-
ing a more detailed and accurate geometric representation of facade
elements.

Using the pybdshadow model, we then simulate shadow conditions
for each building facade over time. To incorporate the newly added
window elements, we enhance pybdshadow’s shadow calculation capa-
bilities, allowing it to differentiate between various facade components.
While the original model only estimated overall facade shading, our
improved method performs 3D intersection analysis to estimate indi-
vidual shadow coverage for different facade elements. For a set of
facade elements E = {e;,e,,...,¢,} and shadow S at a given time, the
shadowed portion of each element ¢; is represented as:

e, =¢NS 8)
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where ¢; denotes the part of the facade element e; covered by shadow.
Consequently, the set of shadow-covered areas on the facade can be
expressed as:

Egpadow = {€s1, €505 -+ €} ©

where set Eg.qow represents the shadow coverage across different
facade elements, providing a detailed temporal and spatial assessment
of facade solar exposure.

3.5. Estimation of facade BIPV output by integrating building and meteoro-
logical data

Our approach considers not only the effects of shadows cast by
surrounding buildings and the structural features of the building facade
on the usability of BIPV systems but also incorporates variations in the
energy conversion efficiency of different BIPV models. The BIPV model
parameters are simulated using the settings provided by the *pvlib*
library to predict output.

For building facades with varying orientations and positions, solar
radiation intensity is influenced by three main components: Direct irra-
diance, diffuse irradiance, and reflected irradiance. These components
are represented by the following equation:

I, = Gpj; + Gpjt + Get 10

where the direct irradiance Gy, diffuse irradiance Gpyf, and reflected
irradiance Gyes are calculated as:

Gpir = D, - cos(AOI) an
Gpjit = Dy, - H%S(tﬂt) 2
Gt = Gy, - Albedo - 103D .

In these equations, the Angle of Incidence (AOI) represents the
angle between incoming sunlight and the normal to the panel. The tilt
refers to the orientation of the facade relative to the ground, which
influences the surface’s exposure to sunlight. Albedo represents the
ground’s reflectivity, contributing to the reflected irradiance. Direct
Normal Irradiance (DNI) is the radiation received on a plane perpen-
dicular to the sunlight. In contrast, Diffuse Horizontal Irradiance (DHI)
measures scattered radiation received on a horizontal surface, and
Global Horizontal Irradiance (GHI) is the total horizontal irradiance,
including direct and scattered components. We utilize time-specific
DNI, DHI, and GHI values to estimate irradiance on both shadowed and
illuminated areas of building facades. The direct, diffuse, and reflected
irradiance components are calculated considering the AOI for each
facade. This ensures that the solar exposure model accurately captures
how the incident angles vary over time and their effect on solar energy
availability, thereby preventing potential overestimations.

To further refine the PV potential estimations, we account for the
influence of temperature on BIPV efficiency. Ambient temperature and
wind speed data from the NSRDB are used to estimate the temperature
of the PV cells, following the Sandia Array Performance Model (SAPM).
The SAPM calculates the module back surface temperature 7,, and cell
temperature T, based on irradiance, ambient temperature, and wind
speed, as shown in the following equations:

T,=EXexpla+bxWS)+T, (14)
Tec =T, + B (15)
Ey

Here, T,, is the back surface temperature, T is the cell temperature,
E is the total incident irradiance, and E, is the reference irradiance of
1000 W/m?. WS denotes wind speed, and a and b are model-specific
parameters. Once the PV cell temperature and irradiance are estimated,
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Fig. 4. Workflow and result for building facade RGB images parsing for study cases.

the potential power output is calculated using *pvlib*’s single-diode
model. Since PV systems installed on windows typically have lower
efficiency than those installed on building facades, a simple correction
factor of 70% is applied to window PV potential estimates compared
with PV of the wall in the experiment to account for this disparity.

4. Results

This section delves into a detailed analysis of building facade pars-
ing and the estimation of building-level facade BIPV potential, taking
into account influences such as shadows, windows, and seasonal vari-
ations. To substantiate the robustness and versatility of our method-
ologies, we extend our validation to multiple global locations. These
diverse geographic validations are pivotal for confirming the gen-
eralizability of our approach across varied urban architectures and
climatic conditions, ensuring that our findings are comprehensive and
applicable on a global scale.

4.1. Building facade parsing

Fig. 4 shows the workflow and results of the proposed methodology
for detailed facade element parsing across various study cases. The
facades showcased in this figure originate from Japan, the United
States, and Sweden, each exhibiting distinctive facade features, window
arrangements, and varying degrees of regularity.

The proposed method demonstrates consistent performance even in
scenarios with significant obstructions, including cases where critical
architectural details such as wall edges are obscured. By leveraging the
visible portions of the facade and incorporating contextual environmen-
tal cues, the model is capable of accurately inferring and reconstructing
the hidden sections, effectively restoring the facade with a high degree
of precision. In addition, the method shows remarkable versatility when
applied to different types of obstructions. By modifying the input text
prompts, the model, aided by the SAM model, can accurately identify

and segment a wide range of obstacles in front of the facades. Once
the obstacles are removed, a perspective transformation is applied to
correct the images, aligning them to a frontal view of the facades.
This transformation is crucial for rectifying the inevitable perspective
distortion when capturing building facades from non-parallel angles,
thus ensuring that the reconstructed facade elements can be precisely
mapped onto 3D building models. Subsequently, the same model used
for obstacle detection is employed for parsing facade elements. By
adjusting the text prompts, the model accurately detects and segments
windows without requiring additional training. This method effectively
identifies window positions and edge geometries, producing accurate
segmentations across a variety of window-to-facade ratios, architectural
styles, and facade regularities.

4.2. Single facade and building level BIPV potential estimation

So far, estimates of BIPV potential on facades often neglect key
factors such as shadowing effects and window-to-wall ratios, leading
to inaccuracies. To address this, four scenarios were analyzed: (1) no
consideration of shadows or windows (“None”), (2) accounting only
for shadows (“Shadow”), (3) considering only the window-to-wall ratio
(“Window”), and (4) factoring in both shadows and windows (“Both”).

Figs. 5, 6, and 7 illustrate the BIPV potential assessment for building
facades. Subfigure a depicts the 3D model of the building, b shows the
simulated daily solar insolation along with segmented window areas, ¢
presents the parsed RGB image of each facade, d outlines the PV output
of the facades under the four scenarios, e estimates daily PV potential,
and f displays the monthly potential.

The analysis reveals that incorporating shadows is crucial for ac-
curate PV potential estimates. Buildings in both hemispheres typically
have one or two facades with significant sunlight exposure, and ignor-
ing shadow effects leads to substantial overestimations. For instance,
in the Sweden case (Fig. 5), accounting for shadows alone reduces PV
potential by 8% for the first facade while considering both shadows and
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Fig. 6. Trends in annual PV potential changes for architectural cases in Sydney, Australia (33.5204° N, 151.5236° E).

windows further increases this reduction to 12%. In Sydney (Fig. 6),
the influence of windows becomes more pronounced, with PV potential
reduced by up to 30% due to increased window area. This highlights
the importance of accounting for windows, as most buildings have
substantial portions of their facades that do not receive direct sunlight.
In the United States case (Fig. 7), the proposed method achieves a max-
imum correction of 26% compared to estimates that neglect shadowing
and window effects. This demonstrates that including both shadows and
window-to-wall ratios leads to significantly more accurate assessments
of facade-level PV potential.

Subfigure e and f of Fig. 5, 6, and 7 show the seasonal variations
in daily and monthly PV potential throughout the year for buildings
located in Sweden, Australia, and the United States. Geographical loca-
tion and climatic conditions result in distinct differences in PV potential

across these regions. In Sweden, seasonal variations are particularly
pronounced. Winter months, especially January and February, exhibit
significantly low daily PV potential due to reduced daylight hours and
low solar angles, with values of 636.9 kWh and 1715.1 kWh, respec-
tively. As daylight hours increase during spring, PV potential rises,
peaking in July and August at 11367.0 kWh and 9579.4 kWh, driven by
higher solar angles. Following this peak, PV potential declines sharply
in autumn, reaching 457.6 kWh in December. In the United States, sea-
sonal variation is noticeable but less extreme compared to Sweden. PV
potential increases steadily from January (4412.0 kWh), reaching a peak
during July and August, with values of 12429.5 kWh and 11401.9 kWh,
respectively. Although the potential decreases towards the year’s end,
the overall variation is more moderate, owing to the country’s temper-
ate climate and relatively stable solar irradiance throughout the year.
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Fig. 7. Trends in annual PV potential changes for architectural cases in Lexington, The United States (38.0247° N, 84.2949° E).

Australia experiences the least seasonal variation in PV potential due
to its Southern Hemisphere location and stable climate. The highest
values are recorded between November and December, with a peak of
11704.7 kWh11704.7 kWh during summer. In contrast, winter months
such as June and July show reduced potential, at 4615.0 kWh4615.0
kWh and 6501.8 kWh6501.8 kWh, respectively. These minor seasonal
variations are due to Australia’s high and consistent solar irradiance
levels throughout the year.

4.3. Street level facade BIPV potential estimation

Fig. 8 illustrates the case result of a street in Tokyo, Japan, where
subfigure a shows the 3D model of the 6 buildings on the street, b
shows the facade image of the buildings corresponding with their BIPV
potential daily, ¢ shows the simulation result of solar insolation for 4
different seasons from building footprint data. Additionally, d and e
show the estimated daily and monthly PV output of the whole street,
with annual data further highlighting the overall energy production
potential.

The results indicate that the primary contribution to PV power
generation comes from the building facades. Notably, glass surfaces in
buildings 1, 2, 3, 5, and 6 contribute significantly to the overall PV
potential. The consistent orientation of the facades leads to a relatively
uniform daily variation in PV generation potential across the street.

Shadows have a minimal effect on PV potential calculations, as most
facades receive limited direct sunlight due to their orientation. Addi-
tionally, accounting for facade materials, particularly glass, provides
a more accurate estimate of PV potential. This correction is particu-
larly important in urban areas, where buildings with large windows
would otherwise result in overestimated PV power generation if facade
materials were not carefully considered.

5. Discussion

5.1. Impact of shading effect and facade element on BIPV potential and
accuracy enhancement

The shading effect and facade element significantly influence the PV
potential of building facades. Our analysis encompassed four scenarios:

considering shadows, considering windows, both, and neither (none),
as shown in Fig. 9.

Due to the lower efficiency of semi-transparent PV glass compared
to opaque wall materials, which are more adept at capturing solar en-
ergy, data from numerous buildings consistently indicated that higher
window ratios were linked to lower PV efficiencies, this trend persisted
regardless of the presence of shadows. For instance, in Australia’s
Building, the annual average daily integral of efficiency reached ap-
proximately 401.3 kWh when only considering the shadow effect but
dropped to around 280.9 kWh when windows were included, which
decreased the PV potential from 31% to 36% for different facades. This
finding aligns with previous studies that demonstrated facades with
higher glass ratios result in lower overall PV performance. Therefore,
quantifying the window-to-wall ratio is critical for realistic PV potential
assessments.

Moreover, methods considering windows yield more accurate re-
sults across all scenarios. The hourly efficiency graphs for different
walls highlight this accuracy. The figure shows significantly lower
efficiency when windows are accounted for, even without considering
shadows. This consistency underscores the importance of including
windows in the analysis.

Additionally, shadow effects primarily impact sun-facing facades,
reducing efficiency during peak sun hours. As shown in USA 3 building
in Fig. 9, shadowing effect reduces PV potential by 38%. However,
window considerations still substantially lower efficiency for non-sun-
facing walls, emphasizing that windows should always be included in
comprehensive assessments. This approach ensures that energy models
do not overestimate the building’s PV potential, as noted in similar
research by [13].

The analysis underscores the importance of factoring in shading
effects and windows when evaluating PV potential for both individual
buildings and entire street layouts. For instance, in the street scenario
(Fig. 10), efficiency notably drops when considering shading and win-
dows, regardless of facade orientation. Examining multiple buildings
reveals a substantial decrease in total efficiency with the inclusion of
windows. This trend holds true across various walls and buildings,
emphasizing the risk of overestimation when neglecting windows. Inte-
grating windows into models offers a more accurate forecast of energy
output, aligning with modern research methodologies.



K. Dong et al.

Advances in Applied Energy 17 (2025) 100212

Building 3 Building 4 Building 5 Building 6

&
=
s
5 P &
5 w0 10 0 s 0 w0 /o
% \ < \:\ Y
, P 4 \ \
/ 3 40 Y # ) / 3
/ 5 V / 3\
L N W G W R 4 WHEY - ¢
0 4 8 12 16 20 24 0 4 8 12 16 20 24 0 4 8 12 16 20 24 0 4 & 12 16 20 24 0 4 8 12 16 20 24 0 4 8& 12 16 20 24
Hour of the Day Hour of the Day Hour of the Day Hour of the Day Hour of the Day Hour of the Day
—— Shadow —— Window —— Both None
2 4
Xx10 x10
51 Estimated result 12 . Wall
= —— Smoothed curve z Window
< 2
S 4 2 104
" = =
 Daily Solar = = .
= 34 5 081 . .
! : 0
£ < 06 |
> 24 a -
o >
= Z 04 ]
T =
14 S ] |
e 2 02 wm —
pa Ve
0

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Month
Daily PV potential

Month

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Monthly PV potential

Fig. 8. Comparative analysis of the facade BIPV potential of a certain street in Tokyo, Japan (35.4123° N, 139.4132° E).

[ None I Window
5 20 | mmm Shadow mmm Both 17.6
he]
1.7 1.8

@
S 10 — -26%27% 94
@ 10 2% 0% 2% 8% -5%-12% o m—

0 = T T T T
N -1
o 20 15.1
el
g 104 77 7.6 LiE 9.7 96

T== : = 0%

£ F-O% ° .ﬂ-m.m% 30%32% .  25%25% l-0%711%11% .-1% 7% 8%

0 - T T T T T T
& 20 A
g 12.8 12.1 103 124 _ 12.4
S 10 1 6% -7%-13% 10%-5%.14% 0% -0%:10%10% 109
w -23%23% 38% _44%

0 = T T T T T

20.3
g 20 A 17.2 17.2
i 21%27% % 10%10%
- -, o 0

g 104 73 65 9.4 — 621 %
- _.'0% -6% -6% .-5% 2% 9% . °-30%31%

0 = T T T T T

Germany Sweden Australia USA 1 USA 2 USA 3

Fig. 9. The impact of different factors on the PV potential of building facades.

5.2. Temporal analysis: Daily, monthly, and seasonal

The analysis of daily variations in PV potential reveals significant
disparities among building facades. One notable factor contributing
to these differences is the shading effect, which can reduce the PV
potential at various times of the day. Another critical factor is the
orientation of the facades; more than half of a building’s facades
often face directions that receive insufficient direct sunlight due to
structural constraints. Consequently, these facades exhibit significantly
lower PV potential than those that predominantly face the sun and
receive ample direct sunlight. Figs. 9 and 10 all reveal that even
different walls of a building or two rows of walls on a street can show

10

significant differences in PV potential due to variations in shadows and
orientation.

Daily PV potential variations indicate that the PV potential of
building facades is highly sensitive to weather conditions. Weather
variations cause substantial fluctuations in both direct and diffuse solar
radiation. Case studies from buildings in Sweden and Sydney (subfigure
e in Figs. 5 and 6) demonstrate that external factors can significantly
reduce PV potential on several days throughout the year, resulting in
values far below the period’s average. Therefore, the installation and
planning of PV systems on building facades in different regions must
consider the impact of these weather-induced instabilities, which are
crucial for ensuring a robust and sustainable energy supply.
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Fig. 10. The impact of different factors on the average daily PV potential of building facades on a certain street in Tokyo, Japan.

Monthly and seasonal variations also exhibit significant regional
differences in the PV potential of building facades, as illustrated in
subfigure f of Fig. 5, 6, and 7. For instance, buildings in the Northern
Hemisphere, such as those in Sweden (Fig. 5 f) and the United States
(Fig. 7 f), display a distinct trend of lower PV potential in winter
(January and February) and higher potential in summer (July and
August). In contrast, buildings in Sydney, located in the Southern
Hemisphere (Fig. 6 f), show an opposite trend. Furthermore, apart from
the variation in PV potential due to the distance from the equator, Swe-
den’s monthly PV potential exhibits substantial relative changes; the
extremely low PV potential during winter magnifies the proportionate
increase in summer PV potential (see Fig. Fig. 5 f). On the other hand,
Sydney’s proximity to the equator ensures a relatively high PV potential
even during the lowest months (June and July), resulting in more minor
relative differences throughout the year, as depicted in Fig. 6 f.

6. Conclusion

This study presents a universal approach that integrates AloT, GIS,
and meteorological data for facade parsing and solar potential assess-
ment. By incorporating zero-shot deep learning techniques and utilizing
both 2D images and 3D building footprints, we achieve precise and ef-
ficient facade analysis. Additionally, a 3D simulation tool is developed
for spatial-temporal evaluations of building facade BIPV potential.

The proposed method offers several distinct advantages. Its robust
generalization capabilities enable accurate facade parsing and solar
potential assessments in diverse locations, eliminating the need for
additional training data. This makes it adaptable to various architec-
tural styles and urban environments, even in complex settings with
occlusions. Additionally, the method bypasses the need for costly Li-
DAR data by relying on affordable 3D footprint data and local weather
information, enhancing the accuracy of solar assessments. Improve-
ments in 3D shadow modeling allow for more refined PV potential
simulations across different facade areas, applying tailored parameters
to each region. This adaptability to different building types and shading
conditions makes the method a powerful tool for advancing sustainable
and energy-efficient urban infrastructure development.

One limitation of the current study is that it does not differenti-
ate between different types of buildings when assessing the potential
for PV installations. Buildings with cultural, aesthetic, or historical
significance, such as museums, heritage sites, or specific residential
structures, may not be appropriate for PV integration due to preserva-
tion or architectural concerns. Our methodology focuses on a general-
ized estimation of facade solar potential, which provides a theoretical
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energy yield without consideration of building-specific constraints or
practical feasibility. We acknowledge that this generalization may limit
the applicability of our findings to certain building types.

Scaling this approach to the city level also introduces challenges.
The complexity of collecting high-quality and consistent facade imagery
across diverse urban areas remains a significant hurdle. Variations
in image quality, incomplete coverage, and accessibility issues could
impact the overall scalability of the method. Moreover, dealing with
large-area occlusions, such as trees or adjacent buildings that block
facades, is an ongoing challenge. Although altering camera perspectives
or using additional data sources could help mitigate these issues, such
solutions are resource-intensive and may require further refinement for
efficient application at a city-wide scale.

Future work will encompass experimenting with a greater variety
of regions and diverse building scenarios, employing a broader array
of authentic data for validation purposes. On the modeling front, up-
coming studies will focus on utilizing more detailed 3D models, such as
real 3D models, and identifying additional facade elements to conduct
more refined analyses. Furthermore, we recognize the importance of
differentiating between different building types when assessing the suit-
ability of PV installations. Future research will extend our framework
to incorporate building type considerations, evaluating the feasibility of
PV integration based on cultural, historical, and aesthetic significance.
This will enable us to provide a more nuanced assessment that balances
solar energy potential with the appropriateness of PV deployment on
architecturally significant structures, such as museums and heritage
buildings. In addition, we plan to employ lightweight models utilizing
edge computation to design real-time detection applications for AloT-
based facade solar estimation, enabling practical implementation of
our platform in diverse urban environments. This approach will allow
for efficient and context-sensitive deployment of PV systems, ensuring
that solar energy strategies are tailored to both energy needs and the
preservation of cultural heritage.
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