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ARTICLE INFO ABSTRACT

Keywords: Driven by advancements in photovoltaic (PV) technology, solar energy has emerged as a promising renewable
Poﬁen.ﬁal assessment ) energy source due to its ease of integration onto building rooftops, facades, and windows. For emerging cities,
Building-integrated photovoltaic the lack of detailed street-level data presents a challenge for effectively assessing the potential of building-

Semantic segmentation

o integrated photovoltaic (BIPV). To address this, this study introduces SolarSAM, a novel BIPV evaluation
Satellite imagery

method that leverages satellite imagery and deep learning techniques, and an emerging city in northern China is
utilized to validate the model performance. SolarSAM segmented various building rooftops using text prompt-
guided semantic segmentation during the process. Separate PV models were then developed for Rooftop PV,
Facade-integrated PV, and PV windows, using this segmented data and local climate information. The potential
for BIPV installation, solar power generation, and city-wide power self-sufficiency were assessed, revealing that
the annual BIPV power generation potential surpassed the city’s total electricity consumption by a factor of 2.5.
Economic and environmental analysis were also conducted for the BIPVs on different buildings; the levelized cost
of electricity is 0.18-0.41 CNY/kWh, and the annual total carbon reduction is 7.08 x 107 T CO,. These findings
demonstrated the model’s performance and revealed the potential for BIPV power generation.

Nomenclature: (continued)

Symbol Description

Symbol Description

Coem Fee for the operating and maintenance of the PV system
P; Set of pixels belonging to the mask of building category i Crent Cost of renting rooftops, walls, and windows
Py Set of pixels in the mask of all the buildings r Discount rate
S Scale factor converting pixels to real-world area units t Year
A; Area of the building category i n Number of years
AAPV; Actual area available for PV installation from building category i Capacity  Installed PV capacity (W)
A/RA Relation of area between the area of wall or windows and rooftop Epy Electricity generated by BIPV systems (kWh)
Kinapping Correction mapping factor EF Carbon emission factor
E; Annual PV electricity generation at t year (kWh) TP True Positives: pixels correctly classified as belonging to this building
C; Annual total cost (CNY) category

Cstart Initial investment for purchasing and installing PV hardware (continued on next page)

(continued on next column)
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(continued)

Symbol Description

N True Negatives: pixels correctly classified as not belonging to this
building category

FP False Positives: pixels incorrectly classified as belonging to this building
category

FN False Negatives: pixels incorrectly classified as not belonging to this
building category

PA the proportion of pixels that the model correctly classifies

IoU the proportion of the intersection area between the predicted

segmentation and the ground truth segmentation to the union area

1. Introduction

The burgeoning global energy demand, coupled with the detrimental
environmental impact of fossil fuel reliance, necessitates a paradigm
shift towards sustainable energy sources [1]. PV technology has
emerged as a promising solution, offering clean and renewable energy
with decreasing costs [2,3]. However, traditional ground-mounted PV
installations often face challenges related to land scarcity, transmission
losses, and integration into existing infrastructure [4].
Building-integrated photovoltaic (BIPV) presents a compelling alterna-
tive, seamlessly integrating PV systems into the fabric of urban buildings
[5], thus maximizing land use efficiency [6], offering a sustainable and
clean energy solution [7], and enabling localized energy generation [8].
Evaluating the potential of BIPV systems in urban environments is
crucial for charting a path toward sustainable urban energy landscapes.

BIPV can be integrated into building rooftops [9], facades [10], and
windows [11], and the formed Rooftop PV, Facade-integrated PV, and
PV window systems present diverse possibilities [12,13]. Rooftop PV
systems, utilizing the vast expanse of rooftops, represent the most
established and widely adopted BIPV technology [14].
Facade-integrated PV systems transform building facades into energy
generators, offering additional surface area for PV installations, partic-
ularly in densely built environments [15]. Meanwhile, PV windows,
though relatively nascent, provide an innovative approach to harnessing
solar energy while preserving building aesthetics and functionality [16].
The distinct characteristics of these three BIPV systems, when applied to
various building types, result in diverse patterns of energy generation,
consumption, and cost-effectiveness. Therefore, assessing the potential
of these diverse BIPVs across different building types is crucial for a
comprehensive evaluation of urban PV potential.

In the decades, with development of Artificial intelligence (AI),
machine learning (ML) and deep learning (DL) has shown their talent in
PV potential assessment [17], fault detection [18,19], and power gen-
eration forecasting [20,21]. Several studies have explored AI methods
for Rooftop PV potential assessment in urban environments [22].
Among them, methods based on geographic information systems (GIS)
[23] are the most widely utilization. For instance, Gagnon et al. [24]
applied a Multiple Linear Regression (MLR) model with GIS data on
building characteristics and meteorological datasets to estimate rooftop
PV potential at the US national level. Walch et al. [25,26] investigated
the use of RF and Extremely Randomized Trees (ELME) algorithms with
Light Detection And Ranging (LiDAR) data and meteorological datasets
to classify rooftop shapes and estimate Rooftop PV potential in
Switzerland. For the potential assessment of different types of
Facade-integrated PV and PV windows, models utilizing both real-world
data and simulation methods are proposed. Sun et al. present a mapping
tool incorporating visibility analysis and solar energy potential assess-
ment to investigate the feasibility of BIPV deployment in densely
built-up urban environments [6]. Hadi et al. proposed a novel dynamic
simulation model to assess the impact of Facade-integrated PV on
electrical production [27], Vulkan et al. assessed the electricity gener-
ation potential of BIPV in dense urban environments, utilizing 3-dimen-
sional (3D) modeling to determine the solar potential of various
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residential building typologies and facade orientations [28]. However,
these models still face limitations, such as evaluating only single types of
BIPV and requiring strict data conditions. A model with simple data
requirements and capable of the potential assessment of multiple BIPVs
is worth exploring.

In response to the limitations of traditional GIS-based methods for
BIPV potential assessment in rapidly growing urban areas, researchers
have turned to remote sensing image analysis as a valuable source of
data for large-scale solar resource evaluation. For example, TransPV
[29] is a computer vision model with state-of-the-art (SOTA) perfor-
mance on Heilbronn datasets, and GenPV [30] is a neural network-based
model for accurate PV panel segmentation on imbalanced datasets.
However, as these models focus solely on segmenting and recognizing
existing PV panels, they cannot assess the solar potential of buildings
without PV panels installed. This presents a challenge for emerging cities
where BIPV has yet to see widespread adoption. Therefore, models
capable of segmenting and recognizing building structures, rather than
just existing panels, hold significant value for assessing BIPV potential.
Some building data-driven approaches can assess building photovoltaic
potential. For example, Eicker et al. present a model to evaluate solar
energy resources using 3D city models [31]. To assess rooftop and facade
solar photovoltaic potential in rural areas, Liu et al. developed a
GIS-based approach utilizing 3D building models [32]. However, these
methods rely on 3D building data for the whole city, which is often
unavailable for emerging cities.

Although researchers provide computer vision (CV) models with
satellite imagery input and assess the BIPV potential with building
segmentation results [33,34], these models can only segment building
rooftops and cannot identify building types. Due to variations in build-
ing height, different building types have significantly different instal-
lation potential for Facade-integrated PV and PV windows [35].
Therefore, these methods are not accurate in assessing the potential of
various BIPV applications in emerging cities. Recently, with the devel-
opment of CV, Large models have shown their talent in zero-short pre-
diction [36,37], and these models can segment the object into one figure
with a specific text prompt [38]. Among all the models, SAM [39],
which was presented in 2023, has been proven to be capable for the
segment of medical images [40], agriculture images [41], and me-
chanical images [42]; this provides an approach for more accurate PV
potential assessment.

To address these limitations, this study proposes a novel city-scale
BIPV evaluation method leveraging the SAM. Utilizing this method,
this paper analyzes the photovoltaic potential, economic feasibility, and
environmental impact of an emerging city. The workflow is illustrated in
Fig. 1. First, satellite imagery and relevant data for an emerging city are
collected and organized. The satellite imagery is divided into uniformly
sized images, and the Zibo24 dataset is formatted. From this dataset, 100
images are given segmentation labels by humans, and they are selected
for hyperparameter tuning and prompt text determination for the SAM.
Second, using the optimized model parameters, SAM segments all im-
ages, and the rooftop areas of different building types are calculated
based on the image scale. Third, the effective installation area for PV
systems on various building types is calculated using conversion factors.
Finally, a comprehensive analysis is conducted, evaluating city-wide PV
installation, electricity generation, economic feasibility, and environ-
mental impact in terms of carbon emission reduction. The contributions
of this paper are as follows:

e This study introduces a computer vision approach for evaluating the
potential of integrating PV systems onto rooftops, facades, and
windows in emerging cities. This method provides a comprehensive
assessment of the city-scale BIPV power generation capacity.

e This study identifies optimal text prompts and hyperparameter set-
tings for segmenting roofs of different building types in satellite
imagery using the SAM model. Segmentation evaluation metrics
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Fig. 1. The workflow of SolarSAM and the city-scale BIPV potential analysis.
demonstrate the model’s effectiveness in segmenting buildings, and this city can be categorized into six main types based on their physical
the code has been open-sourced. characteristics: Apartment, House, Center building, Factory, High-rise
e This paper evaluates and compares the installation potential of building, and Others. The included buildings of the six categories are
various BIPVs to different building categories in an emerging city. shown in Table 1.
Economic feasibility and carbon emission reduction analyses were
conducted based on the estimated power generation potential from
PV models. The findings can guide the policy makers to promote Table 1
BIPV installations in cities. Six building categories and corresponding buildings.
Index  Categories Buildings included
2. Data acquisition
q a Apartment Multi-story residential buildings (lower than 7 layers or
equal)
2.1. Six building categories b House Individual houses, self-built houses
c Center building Commercial or mixed-use buildings
Zibo, an emerging city in the center of Shandong, China, has wit- d Factory Industrial factories or storehouses
s s . . . e High-rise Tall commercial, residential buildings (higher than 7
nessed a recent trend of transitioning from an industrial city towards a o
X K A . X building layers), or towers
tourism-based economy. This shift has resulted in a diverse range of £ Others Unique or specialized structures or Chinese classical
building types within the city. For PV potential assessment, buildings in architectures.
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2.2. Dataset formation

2.2.1. Emerging city dataset: Zibo24

In this study, imagery was obtained from Google Earth, utilizing web
scraping techniques to acquire remote sensing images of the Zibo region
with a lens height of 500 m. Subsequently, the images were segmented
into square samples of equal area, resulting in the creation of the Zibo
remote imaginary in the 2024 dataset (Zibo24). The detailed informa-
tion and format of the Zibo24 dataset are illustrated in Table 2. This
dataset comprises 149,420 high-resolution image samples, each with a
resolution of 196 pixels per inch and representing a real-world area of
39,920 square meters. The scale of the images is 1:1110. However, as
this data lacks segmentation labels, hyperparameter tuning and model
evaluation are not feasible. Therefore, a subset containing segmentation
labels was constructed.

2.2.2. Subset with segment label

Hyperparameters and text prompt engineering settings significantly
influence the segment accuracy of SAM. To find out the best hyper-
parameters and prompt text, a subset of Zibo satellite imagery with
segment labels was collected. The details of this subset are shown in
Table 3.

As illustrated in Table 3, the Zibo24 subset consists of 100 human-
labeled satellite imagery figures, and the 100 figures are from Zibo24.
They contain all six types of buildings in Zibo. Therefore, a compre-
hensive evaluation of different text prompts and hyperparameter set-
tings can be established. The numbers of the six types of buildings and
the shares of the total building roof area are shown in Fig. 2(a) and (b).
In this subset, 42 individual buildings with Apartment labels with a
share of 16.7 % of the total building areas are organized. For House,
Center building, Factory, High-rise building, and Others, the number of
samples in each building category is 32, 11, 9, 15, and 12, each with a
share of 11.1 %, 23 %, 20.6 %, 8.7 % and 19.8 % of the total building
areas. The diverse and balanced building categories within the Zibo24
subset provide a robust foundation for the selection and optimization of
model hyperparameters.

3. Methodology
3.1. Building segmentation and area calculation

3.1.1. Building segmentation with SAM

To calculate the rooftop area of different building categories and
assess the city-scale PV potential, a segment model, SAM, was utilized on
the Zibo24 dataset. During the segmentation process, satellite images
were fed into the SAM, and the model generated pixel-level masks that
identify and isolate the building structures from the surrounding
environment.

As illustrated in Fig. 3, SAM’s architecture consists of three main
components: a Contrastive Language-Image Pre-training (CLIP) encoder
[38], an Image encoder, and a Mask decoder. The image encoder pro-
cesses the input satellite image and converts it into a feature map

Table 2
Format and information of Zibo24.
Items Description values
Number of Number of image samples in the dataset 149420
figures
PPI Pixels per inch for each standard image in the 196
dataset
Scale The ratio of building dimensions in the image to 1:1110
actual size
Area per figure The actual area represented by each standard image ~ 39920m?

in the dataset
Hight Height of the remote sensing lens 500m
Labeled With a label for Segmentation No
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Table 3
Format and information of Zibo24 subset.
Items Description values
Number of Number of image samples in the dataset 100
figures
PPI Pixels per inch for each standard image in the 196
dataset
S The ratio of building dimensions in the image to 1:1110
actual size
Area per figure The actual area represented by each image in the 39920m?
dataset
Hight Height of the remote sensing lens 500m
Labeled With a label for segmentation Yes
Label categories The number of label types 6

representing the image’s visual content. This feature map is then com-
bined with the text embedding from the CLIP encoder, which captures
the semantic meaning of the prompt. The mask decoder utilizes this
combined information to generate pixel-level masks that segment the
buildings from the background. During this inference process, the
segment mask for each satellite imagery is generated. To enhance the
model’s performance, the text prompts for the six building categories are
separately given which means the segmentation processes repeat six
times with six different text prompts. During the first five times, the
names of the five building categories are utilized as the prompt text, and
SAM generates the segment mask of the five different building cate-
gories. For the sixth time, the text prompt is “building”, and SAM gen-
erates the mask of all the building roofs. To calculate the building area of
the sixth category, “Other”, the sum of the sixth group pixels minus the
sum of the pixels from the other five groups is adopted, the details can be
referenced from the next section.

To achieve accurate segmentation for each building type, this study
investigated various text prompts on the labeled Zibo24 subset, and
identified the optimal ones for each category. Defining the building
categories as [building class], the text prompt phrases (TP1 to TP6) used
to guide the SAM in segmenting different building categories are illus-
trated in Table 4.

With the appropriate text prompts for each building category,
buildings can be segmented using SAM. However, the segmentation
accuracy is significantly influenced by the “box threshold” parameter,
which determines the matching degree between the segmented object
and the text prompt. A threshold that is too small may result in the
segmentation of instances that do not belong to the target building
category, while a threshold that is too large can lead to incomplete
segmentation of the buildings. Therefore, this study utilized the Zibo24
subset to fine-tune this parameter. Following the segmentation process,
the area of each identified building is calculated. This is achieved by
leveraging the pixel count within each segmented building mask and
applying the corresponding scale factor provided by the satellite imag-
ery metadata. These area calculations provide quantitative data for
different categories of buildings in Zibo.

3.1.2. Area calculation from masked pixel

The area calculation process utilizes the pixel counts within each
segmented building mask generated by SAM and a scale factor derived
from the satellite imagery metadata. Define P; as the set of pixels
belonging to the mask of building category i, P as the set of pixels in the
mask of all the buildings, and S as the scale factor (in square meters per
pixel) converting pixels to real-world area units. The area of the six
building categories, A;, is calculated as follows:

Ai:PiXS7iE(175) (1)
Ag = (Py—P1—Py—P3-P4—Ps) x S @

Utilizing this formula, the rooftop area of the six building categories
can be calculated, and the areas for PV installation can be obtained.
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Fig. 3. SAM with different text prompts and rooftop area calculations of varying building categories.
Table 4 PA— TP+ TN 3)
Composite of a different text prompt. TP + TN + FP + FN

Index Text prompt

TP1 [building class]

TP2 [building class] + from satellite

TP3 Roofs of + [building class]

TP4 Roofs of + [building class] + from satellite
TP5 Overhead shot of the + [building class]
TP6 Many + [building class] + from satellite

3.1.3. Evaluation metrics

Semantic segmentation, as a well-established computer vision task,
employs several evaluation metrics to assess the performance of seg-
mentation models. Among these metrics, Pixel Accuracy (PA) and
Intersection over Union (IoU) are two of the most commonly used. These
metrics provide quantitative measures of the model’s predictions
aligned with the ground truth labels. For each building category, define
the symbols as follows: TP: True Positives (pixels correctly classified);
TN: True Negatives (pixels correctly classified as not belonging to this
building category); FP: False Positives (pixels incorrectly classified as
belonging to this building category while they actually belong to
another category or the background), FN: False Negatives (pixels
incorrectly classified as not belonging to this building category while
they actually do). The metrics utilized in this paper are as follows:

e Pixel Accuracy (PA) calculates the proportion of pixels that are
correctly classified. The calculation formula can be expressed as
Equation (3):

e Intersection over Union (IoU) calculates the proportion of the
intersection area between the predicted segmentation and the
ground truth segmentation to the union area. The calculation for-
mula can be expressed as Equation (4):

P

U=
“TTPyFP+EN

@

These evaluation metrics offer valuable insights into the perfor-
mance of SAM, serving as crucial benchmarks for optimizing hyper-
parameter selection and prompt engineering.

3.2. Multiple BIPV and PV models

This study analyzes the power generation potential of three BIPV
types: Rooftop PV, Facade-integrated PV, and PV Windows, as illus-
trated in Fig. 4. As PV systems in different locations receive varying
amounts and angles of solar radiation, this paper constructs separate PV
models for each BIPV type. Therefore, accurately city-scale PV power
generation capabilities are assessed.

3.2.1. Multiple BIPV

Rooftop PV, also known as rooftop solar power, is a mature and
widely adopted form of BIPV [43,44]. Its power generation potential,
economic benefits, and positive environmental impacts are
well-established [45,46]. By replacing conventional roofing materials
with solar panels, Rooftop PV transforms rooftops into power
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Fig. 4. The three types of BIPV assessed in this work.

generators, harnessing sunlight to produce electricity.

Facade-integrated PV offers a cutting-edge solution for integrating
solar power generation directly into a building’s envelope [47]. This
technology is particularly well-suited for high-rise buildings with large
vertical surfaces, where Rooftop solar installations may be impractical.

PV windows represent an innovative advancement in BIPV, merging
the functionality of traditional windows with the ability to generate
clean electricity from sunlight [48]. These windows utilize transparent
or semi-transparent solar cells embedded within the glass, allowing
natural daylighting while simultaneously converting sunlight into
useable energy. They offer a unique and aesthetically pleasing solution
for incorporating solar power generation without compromising natural
light or architectural design [49].

3.2.2. Area for BIPV installation

For the three BIPVs on the different building categories, the actual
area available for PV installation (AAPV) is also different. Therefore, in
this paper, an approximation conversion method is adopted. The for-
mula is as follows:

AAPV;=) "RA-A / RAKnapping 5)

BIPV

Where AAPV; is the AAPV from the building category, i. A; is the roof
area of the building category, i. A/RA is the relation of the area between
the area of the facade or windows and the rooftop, and the Kiapping is the
correction mapping factor, considering exclusions like existing struc-
tures, pip on the wall, or shading on the windows. For Facade-integrated
PV and windows, surfaces that do not receive direct sunlight are un-
suitable for PV installation. This factor is also considered in this mapping
factor. Summing up the actual area available for different BIPVs, the
AAPV for each building category is calculated. The corresponding

Table 5
Relevant parameters of a PV array in different buildings and BIPV.

Buildings Types of BIPV

Rooftop PV Facade-integrated PV windows

PV

A/RA Kmapping A/RA Kmapping A/RA  Kmapping
Apartment 1 0.6 5.5 0.35 0.18 0.10
House 1 0.7 1.4 0.30 0.12 0.18
Center building 1 0.65 1.8 0.35 0.25 0.12
Factory 1 0.8 1.3 0.40 0.08 0.06
High-rise building 1 0.5 12.1 0.24 0.35 0.18
Others 1 0.4 1.1 0.15 0.20 0.03

conversion factor can be referenced from Table 5.

3.2.3. Potential of PV power generation

To estimate the electricity power generation of different BIPVs, this
study leverages the Pvlib Python package [50]. It is renowned for its
reliable, interoperable, and benchmark implementations of PV system
models. Pvlib is capable of modeling tilt angle and module parameters
from data affecting them, such as climate conditions. This makes the
setting of parameters for PV modules, inverters, and other system
components easier. In this study, the parameters of the selected PV panel
are shown in Table 6, and the other parameters of the climate conditions
can be referenced in the supplementary data. The three types of BIPVs in
the six building categories have different installation locations. This
leads to different shading patterns, irradiance, and solar angles. There-
fore, this study creates 18 separate PV models for each BIPV type in each
building category.

As illustrated in Table 6. This panel boasts a maximum power output
of 46.3 W, and it demonstrates efficient energy generation capabilities.
The voltage at maximum power is 41.0 V, while the corresponding
current stands at 11.45 A. Furthermore, the PV panel exhibits a wide
operating temperature range, functioning effectively from a frigid
—40 °C up to a scorching 85 °C, ensuring reliable performance for the
yearly power generation in Zibo. Based on the aforementioned PV model
configurations, this paper calculates the power generation potential for
each type of BIPV system installed on different building categories
throughout the city.

3.3. Economic and environmental metrics for PV

3.3.1. Levelized cost of electricity

To assess the economic potential of different BIPVs on different
buildings, the levelized cost of electricity (LCOE) is utilized [51]. LCOE
represents the average net present cost of electricity generation over the

Table 6

Parameters of the PV panel for Zibo.
Parameters Values
Length 2094 mm
Width 1038 mm
Depth 35 mm
Weight 27.5 kg
Installation Area 2.23m?
Maximum Power (Py;q/W) 46.3
Voltage at Maximum Power (Vy,,/V) 41.0
Current at Maximum Power (I,;,/A) 11.45
Operating Temperature (Tor) —40 °C~+85°C
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lifetime of the PV system, encompassing all costs associated with
installation, operation, maintenance, and decommissioning, discounted
to present value [52]. To calculate the LCOE, the annual PV electricity
generation at t year, E; (kWh), and the total yearly cost, C; (CNY), should
be first calculated. In this study, a deep learning-based model [53] is
utilized to forecast the annual power generation, E;, from 2023 to 2047
in Zibo. This model could predict the annual power generation from
historical data. Therefore, the time horizon used for the LCOE calcula-
tion is 25 years. To calculate C;, the relative parameters are defined as
follows: Cgqre is the initial investment for purchasing and installing PV
panels, inverters, and other system components, Cogyy is the fee for the
operating and maintenance of the PV system, and Cy is the cost of
renting rooftops, walls, and windows. These costs are obtained from the
local trading website, hardware provider, and reference [54]. Therefore,
the cost of the BIPV system at t year can be calculated as follows:

Cstart + Cosmt + Crent, t =1
C, = start 0&M rents 6
‘ {CO&M+Crent7t> 1 ( )
The LCOE (CNY/kWh) can be calculated as follows:
n ¢ .
t; (1+[r)[ x Capacity
LCOE=——F——— 7)

; (1itr)‘

Where r is the discount rate, which is 0.05 in this work, n is 25, and
Capacity is the installed PV capacity (W). By calculating the LCOE for
different building categories with different BIPVs, we can compare their
economic feasibility and identify the most cost-effective solutions for
widespread PV panel deployment in Zibo. Lower LCOE values indicate
greater economic viability and competitiveness compared to traditional
electricity sources. This can inform targeted deployment strategies and
policy recommendations to prompt and optimize the BIPV installation in
emerging cities.

3.3.2. Carbon emission

Carbon emission reduction calculation reveals the environmental
impact of the different BIPV for an emerging city. This evaluation cal-
culates equivalent electricity generation from fossil fuel power plants
displaced by PV systems based on a relevant carbon emission factor
[55]. The formula for carbon emission reduction (CER) is expressed as
Equation (8):

CER =E,,-EF ®

Where Ej,, represents the total electricity generated by PV systems
(kWh), and EF denotes the carbon emission factor of the displaced fossil
fuel power plant (kg CO2/kWh). In this paper, the EF is obtained from
the Ministry of Ecology and Environment of the People’s Republic of
China, which is 0.6838 kg COy/kWh. Through this analysis, the envi-
ronmental benefits of transitioning towards solar energy in Zibo can be
quantified, supporting policy decisions and sustainable development
initiatives. The emission reduction potential across various building
categories and BIPV further informs targeted PV deployment strategies
for maximizing environmental impact while considering economic
feasibility and urban development goals.

4. Results and discussions
4.1. SAM results

4.1.1. Prompt engineering of SAM

Utilizing the SAM for processing satellite imagery allows for the se-
mantic segmentation of different building types. However, as SAM is a
general-purpose semantic segmentation model, it requires specific text
prompts to guide its output toward the desired segmentation targets.
The choice of text prompt significantly impacts the segmentation results.
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Therefore, based on the Zibo24 subset and the text prompts in Table 4,
the ablation study of prompt tokens was conducted. By comparing the
segmentation outputs obtained with these different text prompts, this
study identified the optimal prompts for each building category. The
results of IoU with different text prompts are shown in Fig. 5. The
prompt “Roofs of [building class] from satellite” consistently yielded the
best or near-best performance for most building types. Specifically, this
prompt achieved IoU values of 36.2, 28.6, and 30.2 for the categories of
Apartment, House, and Center building. It is furthermore, emphasizing
the presence of multiple buildings with the prompt “Many [building
class] from satellite” enhanced results for the building category of Fac-
tory, achieving an IoU of 31.2. Similarly, highlighting the overhead
perspective with the prompt “Overhead shot of the [building class]”
proved beneficial for the High-rise building category, resulting in an IoU
of 31.1. During this process, the best prompt text for the segmentation of
each building category is determined.

To provide a clearer visual comparison of the impact of different text
prompts on building segmentation, the segment results for the “Apart-
ment” category are illustrated in Fig. 6. It is evident that utilizing “TP4:
Roofs of Apartment from satellite” as the text prompt yields the most
accurate results. With this prompt, the model accurately segments
buildings while minimizing extraneous segmentation errors. In contrast,
the first three text prompts (TP1 to TP3) exhibit shortcomings, including
misidentifying building shadows as rooftops and failing to capture all
building structures. As demonstrated in Fig. 6(e) and (f), employing TP5
and TP6 as modifiers improves performance compared to using
“Apartment” alone. However, upon analyzing the segmentation results,
it becomes apparent that these prompts fail to segment all the buildings
comprehensively. Therefore, the text structure of TP4 proves to be the
most effective for the segmentation of Apartment. And for the other five
building categories, it is similar.

4.1.2. Hyperparameter optimization

Hyperparameter, box threshold exhibits the most significant influ-
ence on the segment accuracy. Therefore, this study employs a grid
search approach to optimize the hyperparameter for each building
category, with the corresponding best text prompt from the Zibo24
subset. The results of this optimization process are presented in Fig. 7,
and segment results with different box thresholds are shown in Fig. 8.

As shown in Fig. 7, the box threshold has a significant impact on the
results of building segmentation. When the box threshold is low, the PA
is relatively low because the pixels that do not belong to the building are
disturbed by the segment result, as shown in Fig. 8 (a). When the box
threshold is higher, the PA is also bigger, for the fewer pixels are miss
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Fig. 5. IoU of SAM on Zibo24 subset with different text prompt settings.
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Fig. 6. Building segmentation results from SAM with different text prompt settings.
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Fig. 7. SAM with different hyperparameter settings.

segmented, as shown in Fig. 8(b) and (c), but there still are some pixels
miss-segmented into the building roofs. When the box threshold is
around 0.25, the optimal box threshold can be found for the different
building categories. However, when the threshold is too big, the PA
becomes lower because the building instances cannot be segmented, as
shown in Fig. 8(e) and (f).

4.1.3. Segment results and area calculation

Based on the Zibo24 subset, the optimal model hyperparameters
were obtained. To calculate the total rooftop area for each of the six
building categories in Zibo, the entire Zibo24 dataset was utilized. By
summing the pixel count within the mask layer of the semantic seg-
mentation output and multiplying it with the scale factor, the total area
for each building category was calculated. The segmentation results of
six building types can be referenced from Fig. 9, and the total regions are
illustrated in Table 7. In Fig. 9, with the optimal text prompt and best

box threshold for each building category, Apartment, House, Center
building, Factory, High-rise building, and Others can be separately
segmented.

As illustrated in Table 7, the building roof areas in Zibo are calcu-
lated through the segmented pixel with the mapping of scales. The
Factory category, with a total roof area of 82,321,505 square meters
(sqm), clearly surpasses any other category, highlighting the city’s
strong industrial presence and the potential of BIPV installation for in-
dustrial usage. Residential areas, comprising the categories of Apart-
ment (56,194,238 sqm) and House (32,877,425 sqm), collectively
occupy a substantial portion of land, suggesting significant parts for
residual PV. Notably, the category of Center building, covering
44,583,152 sqm, holds more area than the High-rise building category
(9,843,321 sqm). And for the “Other” category, the roof area is
86,554,648 sqm. Based on calculations of this area, the installation
potential of different BIPV types can be further assessed.

4.2. PV potential of Zibo

4.2.1. BIPV installation potential

Taking into account the physical dimensions of the selected PV
panels and the effective installation areas for Rooftop PV, Facade-
integrated PV, and PV windows, we calculated the potential number
of PV panels for each BIPV system across various building categories, as
detailed in Table 8. Fig. 10 provides a visual representation of installa-
tion potential for different BIPVs across various building categories.
Analysis of Zibo’s BIPV potential reveals a clear dominance of Rooftop
PV installations, with Factory offering the highest capacity at 30.2
million PV panels, followed by Others and Apartment with 15.9 and 15.5
million. But for the High-rise building, the available installation number
of PV panels on the rooftop is only 2.2 million. Facade-integrated PV
presents a strong alternative, particularly for high-rise buildings with a
potential of 13.1 million panels. And for Apartment, it is 49.7 million
which is the highest among all the building categories. PV windows offer
the least capacity across all the BIPVs. The PV windows installation
potential of the Center building is the highest (0.6 million), and for
Factory, the potential is lowest among all the building categories.
Notably, residential buildings exhibit significant potential for solar en-
ergy generation, with Apartment and House categories collectively ac-
commodating over 26 million PV panels on their rooftops, 56 million PV



G. Liet al Renewable Energy 237 (2024) 121560

(b) box threshold =

(¢) box threshold
S T R o

Sl

= A

(e) High-rise building ) Ohers .

Fig. 9. Segment results of different building types in Zibo.

Table 7 Table 8
Total areas of different types of building roofs. Total numbers of PV panels on different building categories.
Buildings Total area of the rooftop (m?) Buildings Types of BIPV
Apartment 56,194,238 Rooftop PV Facade-integrated PV PV windows
House 32,877,425 Apartment 15,512,043 49,767,805 465,361
g::tt::ybmldmg g;’zgi’éﬁg House 10,588,191 6,352,915 326,721
Comvaans el sz asn
oth 86,554,648 AU KN el ’
ers High-rise building 2,264,319 13,151,164 285,304
Others 15,928,554 6,570,528 238,928
All 87,924,628 108,459,029 2,113,451

panels on the Facade, and 0.7 million on their window. Center building
also demonstrates strong potential for Rooftop PV and Facade-
integrated PV, with capacities exceeding 13.3 million and 12.9 million
panels respectively. In summary, among all the PV systems, Facade-
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Fig. 10. Comparison of installation potential for different BIPVs across various building categories.

integrated PV demonstrates the largest installation potential, with a
capacity of more than 108 million panels. These findings highlight the
diverse opportunities for BIPV integration across Zibo’s urban landscape
and underscore the potential of building-scale solar power generation in
achieving a more sustainable future.

4.2.2. Electricity generation potential of different BIPV

Leveraging regional meteorological data from Zibo in 2022, we
calculated the estimated power generation potential for three types of
BIPV across six building categories. The results of this analysis are
visually presented in Fig. 11. Rooftop PV consistently demonstrates a
strong capacity for power generation across all building categories, with
the Factory category leading the way at 18.18 TWh annually, followed
by Apartment at 9.31 TWh and Others at 9.56 TWh. This aligns with the
large roof areas available in these building types. While Facade-
integrated PV exhibits lower overall potential compared to Rooftop
PV, they present a compelling alternative for specific categories.
Apartment, with extensive facades, show a remarkably high potential
for Facade-integrated PV installations, generating an estimated 17.92
TWh annually, almost double the energy output of their Rooftop PV and
surpassing the generation capacity of any other building category using
Facade-integrated PV. High-rise building also demonstrates a preference
for Facade-integrated PVs, generating 4.34 TWh annually, over three
times the output of their Rooftop PV. In contrast, PV windows exhibit
the lowest potential across all categories, contributing minimally to the
overall energy generation landscape. These findings underscore the
critical role of building type and facade area in determining the optimal
BIPV system for maximizing renewable energy generation in Zibo.
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Fig. 11. The electricity power generation potential of different BIPVs in Zibo.
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4.2.3. Powering the emerging city solely with BIPV

Utilizing BIPV models and meteorological data collected from 2013
to 2022 in Zibo, the BIPV power generation over these ten years was
computed. This analysis, depicted in Fig. 12, further incorporates annual
electricity consumption data for Zibo obtained from the Shandong
Provincial Bureau of Statistics. Zibo boasts a remarkable potential for
solar energy generation that consistently surpasses its electricity con-
sumption, even with the city’s growing energy demands. Throughout
the past decade, from 2013 to 2022, the estimated annual electricity
generation from BIPV consistently outpaced total electricity consump-
tion, often by a factor of 2.5 or more. In 2022, for example, the BIPV
potential reached 103.59 TWh, dwarfing the total electricity consump-
tion of 41.63 TWh. While Zibo’s electricity needs have steadily risen by
nearly 27 % during this period (rising from 32.84 TWh in 2013 to 41.63
TWh in 2022), the stable (fluctuating only within a range of approxi-
mately 4 TWh yearly for climate factor) and abundant solar resource
ensures a surplus of clean energy generation potential. This presents a
compelling opportunity for Zibo to transition towards a sustainable and
self-sufficient energy system, reducing reliance on fossil fuels, improving
air quality, and fostering economic growth through green energy in-
vestments. By harnessing the power of the sun, Zibo can illuminate a
path toward a brighter and more sustainable future.

4.3. Economic and environmental analysis

4.3.1. Economic analysis (LCOE)

To evaluate the economic potential for the different BIPVs, LCOE
analyses are adopted. The results and the total costs of the different PV
systems are illustrated in Fig. 13. Examining the LCOE data for various
BIPV systems across different building types in Zibo reveals crucial
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Fig. 12. Annual Power generation from different BIPV and the electricity
consumption in Zibo.
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Fig. 13. Cost of different BIPV on different building categories and the LCOE.

insights into the economic potential of solar energy. Rooftop PV is a cost-
effective choice. Rooftop PV systems exhibit remarkable consistency in
LCOE figures across diverse building categories. Factory benefits from
the lowest LCOE at 0.18 CNY/kWh (0.0252 $/kWh, exchange rate =
0.14), followed closely by House and Center building at 0.19 CNY/kWh
(0.0266 $/kWh). Apartment also shows a competitive LCOE of 0.19
CNY/kWh (0.0266 $/kWh), while high-rise buildings experience a
slightly higher LCOE of 0.20 CNY/kWh (0.028 $/kWh) due to the
increased complexity of installations on taller structures.

Facade-integrated PV systems are also potential for Zibo. Facade-
integrated PV systems present a more nuanced economic picture, with
LCOE figures influenced by building characteristics and space rent costs.
House demonstrates the most attractive LCOE at 0.21 CNY/kWh (0.0294
$/kWh), followed by Factory at 0.17 CNY/kWh (0.0238 $/kWh).
However, the LCOE for Apartment increases to 0.34 CNY/kWh (0.0476
$/kWh), and for High-rise building, it reaches 0.37 CNY/kWh (0.0581
$/kWh), primarily due to the higher space rent of 0.5 CNY/kWh (0.07
$/kWh) associated with utilizing building facades. Center building and
Others building categories fall in between, with LCOEs of 0.25 CNY/
kWh (0.035 $/kWh) and 0.23 CNY/kWh (0.0322 $/kWh), respectively.

PV Window systems are a good solution for specific situations. Fac-
tory achieved the lowest LCOE at 0.20 CNY/kWh (0.028 $/kWh)
because of the reduction of engineering costs and lower space rent. In
contrast, the LCOEs for Apartment and High-rise building rise to 0.39
CNY/kWh (0.0546 $/kWh) and 0.41 CNY/kWh (0.0574 $/kWh),
respectively, primarily driven by the higher space rents of 1.5 CNY/W
(0.21 $/W) and 0.75 CNY/W (0.105 $/W) for utilizing window areas.

Rooftop PV maintains a clear economic advantage across all building
categories. Facade-integrated PV has potential for buildings with lower
space rent and ample facade area, such as House and Factory, but be-
comes less attractive for taller structures for the higher space rent and
installation cost or those with limited facade space. PV windows present
a specialized solution with competitive LCOE in specific scenarios, such
as factories, but their higher initial costs and space rent requirements
can limit their broader applicability. Therefore, considering the eco-
nomic feasibility and specific building characteristics, stakeholders can
make informed choices regarding the optimal BIPV technology for
maximizing both energy generation and financial returns.

Regarding the limitations and accuracy, the LCOE analysis is based
on simplified assumptions, including discount rates over the 25-year
lifetime of the three BIPV systems and fixed space rental fees. These
factors are subject to local market fluctuations and policy changes from
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the government. Additionally, recent drastic climate change and mete-
orological disasters not only impact power generation calculations but
also pose challenges to the operation and maintenance of the BIPV
systems. Consequently, the estimated LCOE in this paper may deviate
from the actual LCOE in the future. However, due to the large scale of
the city and the substantial data volume, these deviations are relatively
minor.

4.3.2. Environmental analysis

To calculate the annual carbon emission reduction, this study used
carbon emission factors and converted the power generation of different
BIPV systems installed on different building categories. The decrease in
carbon emissions is illustrated in Table 9.

The carbon emission reduction potential of different BIPVs reveals a
promising pathway toward a more sustainable future. Rooftop PV is the
most significant participant in carbon reduction, especially for the
buildings with large roof areas, such as Factory, and it achieved a
reduction of 1.2431 x 107 T CO, in one year. Apartment also demon-
strates substantial potential with Rooftop PV, with a reduction of
0.6366 x 107 T CO,, highlighting the impact of residential buildings on
carbon reduction. Facade-integrated PV is powerful for buildings with
limited roof space. For example, Apartment achieves an even greater
emission reduction of 1.2254 x 10’ T CO, using Facade-integrated PV.
This shown the immense potential of utilizing vertical surfaces. The PV
windows also shown its carbon reduction potential in High-rise building
and Center building with abundant window surfaces. The yearly carbon
reduction of all the BIPVs in Zibo is 7.0847 x 10’ T COs. In conclusion,
this multifaceted approach, incorporating Rooftop PV, Facade-
integrated PV, and PV windows, unlocks a vast potential for carbon
emission reduction in Zibo’s building sector, paving the way for a
greener and more sustainable urban environment.

5. Conclusion

This study proposed the first model for evaluating BIPV potential in
emerging cities using the SAM and remote sensing data. The model,
SolarSAM, is applied to an emerging city in China to quantify the
available installation area of Rooftop PV, Facade-integrated PV, and PV
windows across different buildings. Separate PV models were developed
for each BIPV type, and this enabled a thorough comparison of different
BIPV options, considering their potential for city-wide PV energy self-
sufficiency, economic benefits, and environmental impact. The key
findings are as follows:

1. SolarSAM has proven to be an effective model for segmenting
different building categories in remote sensing images, enabling the
calculation of potential BIPV installation areas solely from remote
sensing data.

2. SolarSAM reveals the BIPV potential in Zibo, with an annual power
generation capacity of approximately 101 TWh, this is 2.5 times of
the city’s total electricity consumption.

3. Rooftop PV demonstrates the highest potential across various
building categories. However, for Apartment and High-rise

Table 9
Yearly reduction of carbon emission from different BIPV on different building
categories in Zibo ( x 107 T CO,).

Buildings Types of BIPV
Rooftop PV Facade-integrated PV PV windows

Apartment 0.636,6 1.225,4 0.011,6
House 0.434,2 0.260,5 0.009,6
Center building 0.547 0.477,3 0.017,1
Factory 1.243,1 0.888,9 0.007,5
High-rise building 0.093 0.296,8 0.006,2
Others 0.653,7 0.269,4 0.006,8
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buildings, Facade-integrated PV offers greater installation potential.
Among all BIPVs, the installation potential of PV windows remains
the lowest.

4. Rooftop PV emerges as the most cost-effective option across all
building categories, with an LCOE below 0.20 CNY/kWh (0.028
$/kWh). Facade-integrated PV proves competitive for Factory and
House categories.

5. BIPV systems in Zibo have the potential to significantly reduce car-
bon emissions, achieving an estimated annual reduction of 7.0847 x
107 T CO,.

In the future, advancements in CV model will further enhance
building segmentation accuracy, and this will lead to improving accu-
racy in city-wide BIPV potential assessments. Simultaneously, exploring
more accurate and specific text prompts will enable a more granular
evaluation of BIPV power generation potential on various building
types. Moreover, the SolarSAM has the potential to be scaled up for
nationwide or even global assessments of BIPV potential, providing
valuable guidance for policymakers.
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