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Abstract: Building-integrated photovoltaics (BIPV) can produce power while occupying little 28 

urban space. Photovoltaic-integrated shading devices (PVSDs) are a key component of BIPV that 29 

can generate electricity while blocking excess daylight. However, previous studies have lacked a 30 

systematic design of PVSDs that accurately estimates the trade-offs between indoor sunshade 31 

duration and electricity generation. This study proposes a multi-objective optimization framework 32 

for maximizing PV potential, minimizing PV area, and enabling proper sunshade duration in 33 

complex urban surfaces. A GIS-based spatiotemporal analysis and optimization approach was 34 

applied to three PVSD planning scenarios: (i) parallel to the horizontal land surface, (ii) inclined 35 
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at an angle equal to the local latitude, and (iii) rotated in real-time to keep the PV surface 36 

perpendicular to the solar radiation. Different PV widths are determined under different scenarios 37 

considering power generation and solar shading duration. In the real-time rotating scenario, the 38 

optimized 0.7-meter-wide PVSDs can generate 0.861 GWh of electricity annually, with a 39 

competitive average power generation efficiency of 0.811 kWh/m2/year and a solar shading 40 

duration of 6.61 hours/day. Hybrid installation scenarios are suggested to account for shading from 41 

other upper PVSDs and surrounding buildings. This study can facilitate solar farming in global 42 

cities and contribute to renewable energy penetration. 43 

Keywords: Building-integrated photovoltaics (BIPV); Photovoltaic-integrated shading device 44 

(PVSD); Solar PV planning; Geographical Information System; Multi-objective optimization 45 

 46 

1. Introduction 47 

Global cities generated approximately 75% CO2 emissions, causing frequent heat waves and 48 

global warming [1]. To mitigate global warming, reduce air pollution, and achieve the United 49 

Nation’s Sustainable Development Goals [2,3], the global community facilitates the use of 50 

renewable energy for sustainable development [4,5]. Since solar energy is credited as a free, clean, 51 

unlimited, and eco-friendly renewable energy source [6], people have witnessed a growing interest 52 

in capturing solar energy locally to reduce its dependence on traditional electric utilities in recent 53 

years [7]. 54 

It is reasonable to install building-integrated photovoltaics (BIPV) at locations having abundant 55 

solar energy to generate a large amount of electricity without taking up precious land in cities. 56 

BIPV products can be grouped into four macro-categories [8]: PV-façades [9,10], PV-roofs [11–57 

13], PV-windows and overhead glazing [14–16], and PV-sunshades [17–20]. The evaluation of 58 

these approaches was traditionally based on simulation software packages or Computer Aided 59 

Design (CAD) models, such as EnergyPlus [21–23] and PVsyst [24–26]. For example, an early 60 

research modeled a BIPV south-orientated tilted roof at 20 different locations ranging from 0°N 61 

to 85°N latitude and demonstrated the correlation between the optimal tilt angle for a fixed BIPV 62 

system and the location of the system deployment, i.e. the latitude [27]. According to a study that 63 

assessed the technical and economic viability of using a thin-film Cadmium telluride BIPV system 64 

in six Brazilian cities, it was suggested that BIPVs integrated on rooftops and façades could meet 65 

building’s annual energy consumption [28]. High-rise buildings have a high potential for installing 66 
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BIPV on façades, but they may also cause significant shading on neighboring buildings throughout 67 

the year. Besides, L-shaped and U-shaped buildings are typically less efficient for BIPV 68 

deployment, primarily due to the shading from solar inter-building reflections and surrounding 69 

buildings [29]. To address the concern about BIPV’s economic suitability, previous studies 70 

quantified its societal and environmental impacts and conducted economic analyses such as 71 

lifecycle cost analysis [30,31]. 72 

Photovoltaic-integrated shading devices (PVSDs), a type of BIPV product, are defined as the 73 

components of building shading devices that are substituted by or coated with PV elements in this 74 

study, especially panels, overhangs, and awnings. This technology enables to convert excessive 75 

incident solar radiation into power in situ as well as balance the thermal and lighting environment 76 

of the building [8], which has attracted more attention recently. The integration of PV with Brise–77 

Soleil systems (i.e., PVSD) has been proven to be more technically efficient than other BIPV 78 

products like PV-façades and PV-roofs, and its efficiency is comparable to that of roof-mounted 79 

standalone PV systems [32,33]. According to the study [34], PVSDs that are designed and 80 

positioned at the optimal orientation and tilt can effectively prevent undesired direct sunlight and 81 

irradiation, and act against overheating and glare, while ensuring a favorable electrical yield.  82 

So far, most PVSDs have been applied to static scenarios, especially for office buildings [35]. 83 

One study performed a PVSD simulation on a single-family detached house in Famagusta, Cyprus, 84 

and found that the strategic use of PVSDs for openings facing east, west, and south can reduce its 85 

energy consumption by about 50% in three peak months of the year [36]. It was discovered that 86 

PVSDs face to the south with a 30° tilt angle could maximize the electricity generation in a series 87 

of simulations for office space in Hong Kong [19]. A previous study has compared different 88 

scenarios among 15 cases and concluded that passive building design with shading devices is the 89 

most effective and balanced solution, which can achieve substantial potential energy savings while 90 

maximizing thermal and visual comfort [37]. Despite the achievement, the viability of assessing 91 

the potential of PVSDs in fine-scale urban areas is typically neglected, and existing studies have 92 

not yet gone beyond the building level. To bridge the gap, it is essential to develop accurate 93 

methods for estimating the solar potential distribution over larger areas, which can provide 94 

valuable insights into the placement and configuration of PVSDs in the broader context of urban 95 

environments. Furthermore, appropriate and scientific planning of PVSDs with different usage 96 
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preferences is needed, which considers factors such as the tilt angle of the PV modules, as well as 97 

the energy needs of the building and the comfort level of the occupants. 98 

Due to the spatial and temporal complexity of real-world urban environments, expanding the 99 

solar PV simulation to the three-dimensional (3D) urban scale is a key challenge. Geographic 100 

information system (GIS) techniques have been explored to address the fine-scale PV planning 101 

challenges. The web-based PV estimation platform PVGIS was designed to evaluate large-scale 102 

PV potential in the early years [38,39]. Afterward, a combined vector-voxel approach was used to 103 

calculate solar radiation in 3D city models [40]. An algorithm called SOL was developed to 104 

calculate global solar irradiance for a set of points located on urban surfaces using Light Detection 105 

And Ranging (LiDAR) data with solar astronomical models [41]. One research went a step further 106 

to incorporate the 3D City Geography Markup Language (CityGML) model into the SOL algorism 107 

[42]. An integration of CAD-related 3D solutions and GIS-related regional solutions is introduced 108 

to fulfill the requirements of multiscale solar potential evaluation [43]. These approaches fully 109 

utilize the GIS’s large-scale spatial analysis capabilities, but limited thought has been given to 110 

integrating BIPV modeling with GIS technology in urban structures, especially building façades. 111 

One state-of-the-art methodology developed the 3D intersection method in PostgreSQL to 112 

model the solar capacity of a city as 3D point clouds (i.e. a discrete set of 3D points in space) 113 

covering the whole urban surface [44,45], which takes real-world atmospheric conditions and 114 

shadow effect made by nearby buildings into account and allows fast computation of large amounts 115 

of buildings. This physically sound model has been applied to investigating urban PV planning 116 

issues, such as estimating solar PV potential on urban noise barriers [46], charging shared electric 117 

scooters [47], and typical urban architecture [48]. Overall, these previous studies have generated 118 

valuable scientific insights into understanding the solar PV potential of cities.  119 

However, a perspective that considers the heterogeneity of local-scale spatial and temporal PV 120 

potential in the planning of PVSDs is currently lacking. Evaluating the solar PV potential of 121 

PVSDs in urban areas is crucial for designing and implementing sustainable building policies. 122 

Ideally, such an evaluation should be performed in a multi-objective optimization framework, 123 

balancing competing building performance factors influenced by PVSDs, over a large 124 

geographical extent to reveal urban solar potential distribution characteristics under intricate 125 

shading events, and considering a high temporal resolution to understand the dynamic variation of 126 

solar irradiation and match real power demands. This has rarely been accomplished in previous 127 
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studies. Therefore, our study aims to implement this evaluation and precisely demonstrate the 128 

spatiotemporal PV potential distribution of PVSDs in an urban area. In this way, we can answer 129 

questions of “where to build”, “when to profit”, and “how to improve”. 130 

In this study, we have collected cloud cover data and three-dimensional building footprint data 131 

to estimate the solar PV potential of PVSDs on the extracted windows in the study area, 132 

demonstrating the huge potential of local renewable energy systems. The novelties of this study 133 

are elaborated as follows: (i) proposing a multi-objective optimization approach to maximize 134 

distributed solar farming (i.e., achieve the highest possible deployment and utilization of solar 135 

energy through distributed PV systems) and effective shading duration (which considers the 136 

varying shading requirements in different seasons) on the PVSDs; (ii) analyzing and comparing 137 

three PVSD deployment scenarios to determine optimal modeling parameters, and discussing the 138 

differences in their energy and shading performances; and (iii) revealing the spatiotemporal solar 139 

PV heterogeneity of PVSDs in an urban environment to guide the strategic placement. Our findings 140 

can promote energy transition in urban areas and contribute to the realization of the nearly zero 141 

energy buildings (nZEB) concept. 142 

The rest paper is structured as follows. Section 2 proposes the methodology to perform multi-143 

objective optimization for PVSD installation. Section 3 introduces the case study to empirically 144 

evaluate the developed methodology. Section 4 presents the modeling results and investigated the 145 

differences between different scenarios. Section 5 discusses the research limitation, challenges, 146 

and future prospects. Finally, Section 6 draws the conclusion. 147 

 148 

2. Methodology 149 

This study proposed a multi-objective optimization framework for PVSD planning, balancing 150 

the trade-off between maximizing solar farming and providing proper sunshade duration. The 151 

framework contains three major stages (Fig. 1): first, accurately modeling spatiotemporal 152 

distribution of solar potential on 3D urban surfaces throughout the year based on the statistically 153 

significant weather data and building footprint data enriched with the height attribute; second, 154 

extracting the window areas from street-view images and estimating the solar PV potential on the 155 

PVSD surfaces based on the three proposed scenarios; third, planning the optimal installation 156 

locations for PVSDs by considering the merits of each scenario. The abbrevations used in this 157 

study are listed in Table 1. 158 
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 159 

Fig. 1. A flowchart of modeling the PVSDs 160 

 161 

Table 1. Abbrevations used in this study 162 

No. Abbre. Nomenclature 

1 𝑇 Transmittivity 

2 𝐷 Diffuse proportion 

3 𝑃𝑐𝑙𝑒𝑎𝑟 The percentage of clear days per two weeks 

4 𝑃𝑝𝑎𝑟𝑡𝑖𝑎𝑙−𝑐𝑙𝑜𝑢𝑑𝑦 The percentage of partly clear days per two weeks 

5 𝑃𝑐𝑙𝑜𝑢𝑑𝑦 The percentage of cloudy days per two weeks 

6 𝒢 Urban surfaces 

7 𝑔 Element of urban surface (i.e. building) 

8 𝒫 A set of all the point clouds 

9 𝑝 A point 

10 ℛ A set of all the solar radiation vectors 

11 𝑟 A solar radiation vector 

12 𝑒 Solar elevation angle  

13 𝛽 Solar azimuth angle 

14 𝑡 Instant of time 
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15 𝑙 Location 

16 𝑢0 Qualified solar irradiation of a solar vector 

17 𝑢 solar irradiation of a point 

18 𝒮 A set of 3D shadow surfaces 

19 𝒮′ A set of the modified 3D shadow surfaces 

20 𝑤 Width of the PVSD 

21 𝑙 Length of the PVSD 

22 𝑑 Distance from top of window to PVSD 

23 ℎ Height of the window 

24 𝓋 Interval between two adjacent PVSDs 

25 𝜃 Tilt angle of the PVSD 

26 𝐻𝑠 Height of the shadow on the façade made by PVSD 

27 𝐴 Area of the PVSD 

28 𝐴′ Shadowed area of the PVSD 

29 𝛼 Azimuth of footprint polyline 

30 𝛾 The absolute difference between 𝛼 and 𝛽 

31 𝑢′ Solar irradiation on the PVSD 

32 𝐸𝑦 Annual electricity generation of the PVSD 

33 𝐸̃𝑦 Annual electricity generation of the PVSD per square meter 

34 𝐸̃𝑑 Electricity generation of the PVSD per square meter per day 

35 𝑇𝐻 Threshold 

36 𝜏 Effective sunshade duration 

37 𝐹 The objective function 

38 𝒲 A set of extracted 3D window points 

39 𝓌 A 3D window point 

 163 

2.1. Computation of land surface solar irradiation  164 

To accurately assess the potential of solar irradiation on land surfaces, it is crucial to account 165 

for the impact of cloud cover under various weather conditions. This study calculated the monthly 166 

average atmospheric transmittivity and diffuse proportion based on cloud cover data according to 167 
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a straightforward yet effective method [49]. Transmittivity (𝑇) represents the amount of light 168 

passing through a material, such as a window or solar panel, while diffuse proportion (𝐷) measures 169 

of how much of the light is scattered or diffused rather than traveling in a straight line. By 170 

incorporating 𝑇 and 𝐷, we can calculate the direct and diffuse solar irradiation on land surface, 171 

which will be used to determine the real-world spatiotemporal solar potential. The formulae are 172 

presented in Equations 1 and 2: 173 

𝑇 = 0.7 × 𝑃𝑐𝑙𝑒𝑎𝑟 + 0.5 × 𝑃𝑝𝑎𝑟𝑡𝑖𝑎𝑙−𝑐𝑙𝑜𝑢𝑑𝑦 + 0.3 × 𝑃𝑐𝑙𝑜𝑢𝑑𝑦 (1) 174 

𝐷 = 0.2 × 𝑃𝑐𝑙𝑒𝑎𝑟 + 0.45 × 𝑃𝑝𝑎𝑟𝑡𝑖𝑎𝑙−𝑐𝑙𝑜𝑢𝑑𝑦 + 0.7 × 𝑃𝑐𝑙𝑜𝑢𝑑𝑦 (2) 175 

where 𝑇 is the fortnightly average atmospheric transmittivity, 𝐷 is the fortnightly average diffuse 176 

proportion, 𝑃𝑐𝑙𝑒𝑎𝑟 is the percentage of clear days per two weeks, 𝑃𝑝𝑎𝑟𝑡𝑖𝑎𝑙−𝑐𝑙𝑜𝑢𝑑𝑦 is the percentage 177 

of partly cloudy days and 𝑃𝑐𝑙𝑜𝑢𝑑𝑦 is the percentage of cloudy days. 178 

 179 

2.2. Estimation of spatiotemporal solar distribution on 3D urban surfaces 180 

This study utilizes a well-established model to estimate solar distribution on 3D urban surfaces 181 

[44], which has been suggested to be accurate and reliable in many studies [45–48,50]. In the 182 

model, urban surfaces (i.e., rooftops, façades, and ground) are represented by 3D point clouds, 183 

where each point records the quantified solar irradiations on a unit area. The urban surfaces are 184 

denoted by 𝒢 and consist of building footprints associated with the height attribute, which can be 185 

decomposed into rooftops, façades, and ground. Each element 𝑔 ∈ 𝒢 is discretized into a set of 186 

homogeneous grids with a constant resolution that are spatially contiguous with each other. 187 

Centroids denoted by 𝒫 are extracted from the grids to present 3D point clouds of the urban 188 

surfaces. Each point 𝑝 ∈ 𝒫 is represented by a unique ID, a 3D coordinate, and a building index 189 

number. After that, a full set of parallel solar radiation vectors passing through the atmosphere and 190 

arriving at the point clouds 𝒫 are determined and denoted by ℛ = {𝑟}. A solar radiation vector 𝑟 191 

can be expressed as a tuple 〈𝑒, 𝛽, 𝑡, 𝑙, 𝑢0〉, which means that 𝑟 comes from the atmosphere at an 192 

elevation 𝑒 and an azimuth 𝛽 with qualified irradiation 𝑢0 and arrives on an urban surface located 193 

at a 3D coordinate 𝑙 at time 𝑡. The 3D intersection between urban surfaces 𝒢 and radiations ℛ is 194 

furthermore carried out to produce a set of 3D shadow surfaces denoted by 𝒮 . Several 195 

modifications have been made and recorded by 𝒮′ to make the initial shadows 𝒮 physically correct, 196 

including removing solar-facing or low-rise coincident facades and reshaping shadow surfaces by 197 
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nearby buildings and concave rooftops. Finally, for each point 𝑝 ∈ 𝒫, the solar irradiation 𝑢 is set 198 

to 0 if it is below the shadow surface 𝒮′, else 𝑢 is expressed as 𝑓(𝑢0). 199 

 200 

2.3. Estimation of the power potential of the PVSD 201 

The estimation of the power potential of the PVSD is made by physical modeling, consisting 202 

of an accurate estimation of shadow distribution and solar potential redistribution on PVSDs. It 203 

shows that the sunlight is obstructed by the PVSDs that are installed perpendicularly to the wall, 204 

creating a grey shadow area on the blue window (Fig. 2a). The width and length of the PVSDs are 205 

denoted by 𝑤  and 𝑙 , respectively. The distance from the top of the window to the PVSD is 206 

represented by 𝑑, and the height of the window is ℎ. The interval between two adjacent PVSDs is 207 

indicated by 𝓋, the angle between the PVSD and the wall by 𝜃, the solar elevation angle by 𝑒, and 208 

the height of the shadow on the façade made by the PVSD by 𝐻𝑠. The estimation considers three 209 

different situations: (i) 𝐻𝑠 < ℎ , part of the window is shadowed, (ii) ℎ < 𝐻𝑠 < 𝓋 , the entire 210 

window is shadowed, and other PVSDs below will not be affected, and (iii) 𝐻𝑠 > 𝓋, the shadow 211 

created by PVSDs can cover the entire window and partially or fully cover the PVSDs or windows 212 

below, which is considered as overshadow. 213 

Fig. 2b draws the side view of the model, where the upper inclined PVSD with an area of 𝐴 214 

creates full shading for the window and simultaneously blocks part of the lower PVSD with a 215 

shadowed area of 𝐴′. The shadowed area 𝐴′ is computed in Equation 3. Considering the difference 216 

between the solar irradiation azimuth and the façade azimuth, the height of shadow 𝐻𝑠 is calculated 217 

in Equation 4. Fig. 2c depicts a top view of the model, where the clockwise arrows make up an 218 

exterior ring of the building footprint. The azimuth of each footprint polyline is denoted by 𝛼, the 219 

solar azimuth is represented by 𝛽, and the absolute difference between 𝛼 and 𝛽 is denoted by 𝛾. 220 

On this basis, solar irradiation on the PVSD is expressed as 𝑢′ and calculated in Equation 5. 221 

𝐴′ =
(𝐻𝑠 − 𝓋) ∙ 𝑠𝑖𝑛(90 − 𝑒) ∙ 𝑙

𝑠𝑖𝑛(90 + 𝑒 − 𝜃)
(3) 222 

𝐻𝑠 =
𝑤 ⋅ 𝑠𝑖𝑛 𝜃

𝑠𝑖𝑛(𝛼 − 𝛽)
𝑡𝑎𝑛 𝑒 + 𝑤 ⋅ 𝑐𝑜𝑠 𝜃 (4) 223 

𝑢′ = 𝑢 ∙
cos(𝜃 − 𝑒)

cos(𝑒)
∙ (𝑤 ∙ 𝑙 − 𝐴′) (5) 224 

 225 
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 226 

Fig. 2. The PVSD power generation calculation model in 3D view. (a) Solar irradiation is obscured 227 

by PVSDs and generates shadows on the window surface. (b) A side view showing that solar 228 

irradiation causes overshadow on the lower PVSD. (c) A top-down view showing the relationship 229 

between solar azimuth and building polyline azimuth. 230 

 231 

2.4. Scenario-based priority optimizations 232 

Since several PVSD usage preferences may result in significantly different optimization results, 233 

this study refines three preferences corresponding to different priorities to facilitate the 234 

optimizations: (i) sight view first with PVSD horizontally installed, (ii) shading and sight view 235 

compatible with PVSD inclinedly installed, and (iii) electricity generation first with PVSD always 236 

perpendicular to the varying solar irradiation. They are more formally represented by: (i) static 237 

horizontal scenario (SHS), where all PVSDs are installed parallel to the horizontal ground, which 238 

is the most common solution (Fig. 3a); (ii) static inclined scenario (SIS), where all PVSDs are 239 

tilted at an angle equal to the latitude of the location, which allows for maximum electricity output 240 

by facing approximately between the sunlight’s highest and lowest points in summer and winter 241 

(Fig. 3b); (iii) real-time rotation scenario (ROS), where the angle of all PVSDs varies in real-time 242 

to match the current solar elevation angle (Fig. 3c). In Fig. 1, the shaded area is represented in 243 

grey, the window is indicated in blue, and the area where 3D solar vectors arrive on the PVSD is 244 

presented in orange. The yellow circle represents the sun. 245 
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 246 

Fig. 3. Three scenarios for installing PVSD on building facades. (a) The static horizontal 247 

scenario. (b) The static inclined scenario. (c) The real-time rotating scenario. 248 

 249 

2.5. Multi-objective optimizations 250 

PVSDs can serve multiple purposes such as electricity generation, indoor cooling, and 251 

architectural aesthetics [8]. However, some of these purposes may conflict with each other when 252 

it comes to PVSD planning. For example, maximizing solar farming with an optimal tilt angle may 253 

result in insufficient indoor daylighting, causing an increased energy consumption for artificial 254 

lighting. Therefore, it is important to consider the trade-offs to optimize the PVSD installation. 255 

That is to say, the PVSDs should not only generate electricity as much as possible, but also provide 256 

proper sunshades with sufficient daylight.  257 

The PVSD’s annual electricity generation 𝐸𝑦  must exceed a threshold 𝑇𝐻 to guarantee an 258 

adequate amount of electricity generation in any independent PVSD planning scenario. The 259 

threshold 𝑇𝐻 is set at 60% of the maximum 𝐸𝑦 in the specific scenario to adapt to the data range 260 

and improve the consistency of results across different scenarios, as well as to achieve a 261 

compromise between sensitivity and specificity. The adverse impact on power generation of 262 

surrounding buildings that cast shadows on PVSDs can be disregarded by setting 𝑇𝐻. Windows 263 

that are frequently shaded by surrounding structures will inherently receive less solar radiation 264 

over a year than windows with unobstructed exposure, resulting in a lower solar PV potential. This 265 

conflict with our optimization goal of maximizing PV potential while minimizing PVSD area. 266 
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 267 

The solar shading capability is measured by effective sunshade duration 𝜏, which represents 268 

the average number of hours during which the PVSD provides proper shading. The term “proper 269 

shading” refers to providing the right amount of shading at the right time. Thus, the metric 𝜏 is 270 

designed to be time-dependent and adaptable to different seasons. It draws inspiration from 271 

previous relevant metrics, such as Window Sunlight Hours [51] (cumulative sunlight exposure 272 

duration of windows from 8 a.m. to 4 p.m. on January 21st) and Useful Daylight Illuminance [52] 273 

(the percentage of occupied hours when daylight levels on the horizontal working plane fall within 274 

certain ranges). In summer, PVSDs are required to block the majority of sunlight to reduce indoor 275 

heat as possible. In spring, the shading requirement for PVSDs can be slightly eased. While in 276 

winter, PVSDs should allow a moderate amount of sunlight to enter the room, providing warmth 277 

and natural light. Hence, upper and lower limits are set for winter to avoid non-sufficient and 278 

excessive sunlight. The effective sunshade duration 𝜏 is mathematically expressed in Equation 6: 279 

𝜏 = ∑ 𝑓(𝐻𝑠, 𝑡)

18

𝑡=9

(6) 280 

The indicator function 𝑓(𝐻𝑠, 𝑡) is set to 1 when the conditions shown in Equation 7 are met; 281 

otherwise, it is set to 0. 282 

{

𝐻𝑠 ≥ 0.8 × ℎ, 𝑖𝑓 𝑡 𝑖𝑛 𝑠𝑢𝑚𝑚𝑒𝑟
0.4 × ℎ ≤ 𝐻𝑠 ≤ 0.7 × ℎ, 𝑖𝑓 𝑡 𝑖𝑛 𝑤𝑖𝑛𝑡𝑒𝑟

𝐻𝑠 ≥ 0.6 × ℎ, 𝑖𝑓 𝑡 𝑖𝑛 𝑠𝑝𝑟𝑖𝑛𝑔/𝑎𝑢𝑡𝑢𝑚𝑛
(7) 283 

 284 

The objective functions are to minimize the total PVSD area 𝐴  (Equation 8), while 285 

simultaneously maximizing the accumulated solar irradiation 𝑢 (Equation 9) and maximizing the 286 

effective sunshade duration 𝜏  (Equation 10). The optimization approach followed a step-wise 287 

approach. The first optimization priority is to maximize the accumulated solar irradiation, followed 288 

by the second priority of maximizing the effective sunshade duration. In each optimization 289 

scenario, if the determined PVSDs consistently meet the power generation requirements and 290 

provide proper shading throughout the year, it indicates a convergence of the optimization process. 291 

Through pre-experiments, we have determined that setting the value of 𝑑  to 0 is optimal for 292 

maximizing both PV generation and the effective sunshade duration in most seasons. During each 293 

simulation iteration, the urban surfaces 𝒢, 3D point clouds 𝒫, solar radiation ℛ, and historical 294 
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meteorological conditions remain unchanged, and the initial parameters, including the width 𝑤 295 

and tilt angle 𝜃, are updated for all window points in different scenarios. The constraints of the 296 

parameters used in the optimization modeling are listed in Table 2. 297 

𝐹𝐴 = 𝑚𝑖𝑛 (∑ 𝐴) ∣ (𝐸𝑦 ≥ 𝑇𝐻) (8) 298 

𝐹𝑢 = 𝑚𝑎𝑥 (∑ 𝑢) ∣ 𝐹𝐴 (9) 299 

𝐹𝜏 = 𝑚𝑎𝑥 (∑ 𝜏) ∣ 𝐹𝑢 (10) 300 

 301 

Table 2. Constraints of the parameters for the modeling analysis 302 

Parameter Unit Range Explanation 

Width of the PVSD (𝑤) [meter] 0.5 – 1 

The width of the PVSD is 

iterated from 0.5m to 1m with a 

step size of 0.1m. 

Tilt angle of the PVSD (𝜃) [degree] 0 – 90 

The angle between the PVSD 

and the wall should be no more 

than 90°. 

Distance from top of the 

window to the PVSD (𝑑) 
[meter] 0 – 0.2 

The distance from the top of the 

window to the PVSD should be 

no more than 0.2m to guarantee 

solar shading capacity. 

Threshold to guarantee an 

adequate amount of 

electricity generation (𝑇𝐻) 

[kWh] 0.6 ∙ max (𝐸𝑦) 

The threshold is set at 60% of the 

maximum 𝐸𝑦 in the specific 

scenario to adapt to the data 

range. 

 303 

3. Empirical evaluation 304 

3.1. Study area 305 

Hong Kong, a highly urbanized city with a population of over seven million, has a land area of 306 

barely 1114 km2 [53]. High-rise residential and commercial buildings consume a significant 307 

amount of energy in densely populated areas. In 2019, buildings in Hong Kong consumed 197,730 308 
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TJ of energy, with 158,000 TJ (79.91%) being electricity [54]. Located at 22.3Nº latitude with a 309 

sub-tropical climate, Hong Kong has abundant solar energy resources, with an annual average 310 

global horizontal solar irradiance of 1.29 MWh/m2 [55,56]. However, the high-rise and high-311 

density nature of Hong Kong makes it challenging to develop large-scale solar facilities, and less 312 

than 0.01% of its electricity is currently produced from solar PV farming [54]. To achieve the 313 

grand goal of net-zero carbon emissions in electricity generation before 2050, the Hong Kong 314 

Government has introduced the Feed-in Tariff scheme in recent years, encouraging the community 315 

to develop distributed renewable energy. It is estimated that all approved solar energy generation 316 

systems can yield about 200 million kWh of electricity and reduce about 140, 000 tons of carbon 317 

emissions each year [57]. Therefore, there is a great opportunity to deploy distributed BIPV 318 

systems in Hong Kong. The study area is the campus of the Hong Kong Polytechnic University 319 

(Fig. 4), one of the densest urban areas containing 28 buildings in an area of 0.095 km2.  320 

 321 

Fig. 4. The overview map of the study area. The red arrows indicate the viewing orientation of the 322 

study area examples shown in Fig. 10. 323 

 324 

3.2. Data collection 325 

The building footprint data was obtained from the Lands Department of the Government of the 326 

Hong Kong Special Administrative Region in ESRI Shapefile format. The data contains various 327 

attributes, such as identification number, building height, and area. It was used to extract building 328 
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outlines and building pixels to calculate the solar potential of each building. The cloud cover 329 

percentage data in 2018 was obtained from World Weather Online [58], which was used to 330 

calculate T and D that conclusively determine land surface solar irradiation. Since the study area 331 

is relatively flat, the effects of terrain variation on solar irradiation distribution were not considered. 332 

Besides, we assume that all rooftops in the study are flat, since sloped rooftops have an 333 

insignificant impact on the distribution of solar energy on façades. 334 

 335 

3.3. Data pre-processing 336 

For easy computation and statistics, this study defined the constructed 3D point clouds at 1-337 

meter resolution, which means that each point represents 1 m2 area, resulting in a total of 1.37 338 

million 3D point clouds covering the entire area. This resolution is feasible for accurately 339 

representing the actual window positions. First, we marked the window areas based on the 3D 340 

imagery from Google Earth and extracted the central points of window areas based on the spatial 341 

scale between the images and the collected 3D building footprints. For a few tall windows that 342 

required two adjacent points to represent in the vertical direction, such as French windows or glass 343 

curtains, only the upper point was maintained to avoid modeling the PVSD twice on the same 344 

window in subsequent procedures. Minor adjustments were then made based on site investigation 345 

and visual inspection. It shows a satisfactory matching between window areas (Figs. 5a-d) and 346 

point clouds (Figs. 5e-h) in the 3D scene. 347 

 348 

Fig. 2. Visualization of the window areas and the extracted point clouds. (a)-(d) The red rectangles 349 

represent the marked window areas. (e)-(h) The yellow points represent the corresponding 350 

extracted window points. 351 
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 352 

Hourly solar irradiation data were computed for an entire day with an equal interval of 14 days 353 

throughout the year, resulting in a computation of 26 days for the whole year. Each data represents 354 

the mean solar distribution over the corresponding 14-day period, which is a suitable trade-off 355 

between big-data computation and high temporal resolution. This study developed a Python 356 

program to perform the following tasks: (i) aggregating the hourly solar irradiation data by day 357 

and thus by month for demonstration purposes; (ii) filtering out the non-building points to avoid 358 

unnecessary computation; and (iii) matching the extracted window points denoted by 𝒲 to their 359 

corresponding positions in the 3D point clouds 𝒫. Each window point 𝓌 ∈ 𝒲 is represented by 360 

a unique ID , a 3D coordinate, a building polyline azimuth 𝛼 , and an interval 𝓋  denoting the 361 

distance between its upper adjacent window. 362 

 363 

3.4. Computation 364 

The solar irradiation estimation model was implemented as a set of hierarchical SQL functions 365 

in the database management system PostgreSQL 11 with the support of PostGIS 2.5. Python 3.10 366 

with the support of GeoPandas 0.10.2 were used for the data pre-processing described in Section 367 

3.3, as well as for PVSD modeling and optimization described in Section 2. To cope with the big-368 

data computation, we designed a parallel computational architecture that utilizes six CPU cores to 369 

get annual solar distribution through hourly accumulation and run the optimization models.  370 

 371 

4. Results 372 

4.1. Spatio-temporal solar potential distribution 373 

The installation of PV modules is preferred in areas where solar irradiation is both numerically 374 

high and spatially concentrated. Therefore, it is important to consider the effects of spatio-temporal 375 

variations of solar potential distribution over the whole year. In this study, we estimated biweekly 376 

solar distribution to represent the mean distribution over the two weeks because seasonal variation 377 

is insignificant for this short period in Hong Kong. This allows us to make biweekly solar 378 

irradiation accumulation throughout the year based on the spatial index of 3D point clouds. For 379 

visual inspection, the equal-interval classification method was used in ArcGIS Pro to create 32 380 

classes based on the same numeric scale and color scheme. 381 
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Fig. 6 illustrates the monthly spatial distributions of solar radiation on 3D urban surfaces. The 382 

distribution patterns of rooftops and ground are generally similar, with higher irradiation values 383 

than building façades. However, shading from surrounding buildings can cause long-term 384 

shadowing in some ground areas and lower rooftops and façades, which limits their PV potential. 385 

Specifically, the southeast-facing building façades receive more solar irradiation than those facing 386 

southwest, especially during the summer (Figs. 6e-h), when 𝑒 is very large and 𝛽 is between [145°, 387 

180°]. On the other hand, the difference of irradiations between southeast- and southwest-facing 388 

façades is small during winter (Figs. 6a, k-l). Notably, the weather in Hong Kong was mostly 389 

cloudy or partly cloudy in August that created small diffuse proportions, which led to smaller solar 390 

potentials compared to July. 391 

 392 
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 393 

Fig. 6. Daily average solar irradiation on urban surfaces from January (a) to December (l) in 2018. 394 

 395 

4.2. Distribution patterns of solar PV potential  396 

Assuming a conservative and constant system performance ratio of 16.5%, which is the product 397 

of a 22% PV module conversion efficiency and a 75% PV system efficiency [48], we derived the 398 

PV potential of the PVSD directly from the solar irradiation on the building surfaces. To reveal 399 

the temporal variation of power generation for PVSDs on all extracted windows in the three 400 

scenarios, the hourly power generation distribution over the twelve months with a 0.5-meter-wide 401 
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PVSD is presented in Fig. 7. The power generation is mainly concentrated between 10:00-12:00 402 

from May to August in SHS (Fig. 8a), and an increased power generation in the morning is 403 

observed in SIS, peaking around 10:00-11:00 (Fig. 8b). In contrast, ROS has the highest power 404 

generation from 9:00-13:00 in almost all months, and its peak time is around 9:00 from March to 405 

September (Fig. 8c). Despite they had different temporal patterns in the morning, all of them 406 

experienced a large decrease in power generation since 15:00 all over the year, leading to an 407 

inefficient performance in the late afternoon. This is closely related to the varying associations 408 

between solar characteristics (i.e., azimuth and elevation angle) and building layouts (i.e., building 409 

height, footprint shapes, and orientations). The revealed patterns are essential to optimize PVSDs 410 

installations and useful to assess the techno-economic benefits. 411 

 412 

Fig. 7. The electricity generation for all potential 0.5-meter-wide PVSDs in the study area under 413 

three scenarios varies by month and hour. The white grids represent no data. 414 

 415 

However, not all windows are suitable for PVSD installation, and different PV widths may 416 

introduce different performances. Therefore, a comparison of the solar PV potential of different 417 

scenarios and PV widths with and without threshold is performed and shown in Fig. 8. The 418 

threshold 𝑇𝐻 is set to 60% of the maximum annual electricity generation 𝐸𝑦. Fig. 8a and Fig. 8b 419 

illustrate the distribution of 𝐸𝑦 before and after applying the threshold, respectively. The boxes 420 

represent the lower and upper quartiles, the middle lines represent the median, the whiskers 421 

represent 1.5 interquartile range values, the crosses represent the mean, and the dots represent 422 

outliers. It is obvious that 𝐸𝑦  rises with PV width increases, with ROS producing the most, 423 

followed by SIS and SHS. The maximum 𝐸𝑦  of a one-meter-long PV module using the ROS 424 

reached 354.36 kWh/year, which is 17.53% higher than that using the SIS (301.50 kWh/year), and 425 

57.40% higher than that using the SHS (225.13 kWh/year), reflecting that PVSDs with smaller tilt 426 
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angle and flexible configuration scenario have vast potential in power generation. Before applying 427 

the threshold, the mean 𝐸𝑦 of a one-meter-wide PVSD based on the SHS, SIS, and ROS is 73.82 428 

kWh, 95.49 kWh, and 108.45 kWh, respectively, which is 77.25%, 76.31%, and 77.30% higher 429 

than PVSDs with the width of 0.5 m, indicating an approximately rising trend of 15% per 0.1-m 430 

in all three scenarios. The lower limits for all groups are considerably increased after applying the 431 

threshold, and the median values are greater than the mean values. 432 

The mean and median normalized power generation 𝐸̃𝑦  with and without threshold are 433 

calculated for a fairer comparison (Fig. 8c and Fig. 8d). Prior to applying the threshold, the power 434 

generation of PVSD per unit area decreases with the PV width increases, and the downward trends 435 

are similar among different scenarios. From 0.5m to 1m, the 𝐸̃𝑦 in ROS is declined from 122.38 436 

kWh to 104.61 kWh. It is mainly because the wider the PVSD, the more shading from upper 437 

PVSDs prevents the lower ones from harvesting sunlight. After applying the threshold, a more 438 

moderate downward trend is observed, and the absolute gap between mean values of different 439 

scenarios widens. When PV width is 0.5 meter, the 𝐸̃𝑦  based on the SHS, SIS, and ROS is 440 

186.10kWh, 255.29kWh, and 300.32 kWh, respectively. The results above confirm the benefits of 441 

using thresholds to maximize distributed solar farming. 442 



21 

 

 443 

Fig. 8. Comparison of solar PV potential of different scenarios and PV widths with and without 444 

threshold. (a) Distribution of 𝐸𝑦 without threshold. (b) Distribution of 𝐸𝑦  with threshold. (c) 445 

Trends of mean and median 𝐸̃𝑦  without threshold. (d) Trends of mean and median 𝐸̃𝑦  with 446 

threshold. 447 

 448 

4.3. Optimization of PVSD installation 449 

After identifying areas with high solar potential, the next step is to address shading challenges. 450 

A comparison of effective shading duration 𝜏 with threshold is shown in Fig. 9. Given that the 𝐸𝑦 451 

alone is not sufficient to determine the optimal PV width, the average effective shading duration 452 

throughout the year (Fig. 9a) is used to determine the most appropriate width for each scenario.  453 
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 454 

Fig. 9. Comparison of average effective shading duration with threshold throughout the year (a), 455 

summer (b), and winter (c). 456 

 457 

4.3.1. SHS-based optimization 458 

From a PV width of 0.5m to 0.7m, both the mean and lower bound of 𝜏 show a noticeable 459 

increase throughout the year under SHS. This implies a significant improvement in the overall 460 

shading capacity as the PV width increases. However, the marginal benefit diminishes 461 

significantly once the PV width reaches 0.8m and beyond, indicating that increasing the PV width 462 

beyond 0.7m has less impact on further enhancing the general shading capacity (Fig. 9a). Hence, 463 

the PV width is determined to be 0.7m in the SHS. Under this configuration, the SHS yields a total 464 

of 4737 eligible PVSDs, resulting in a combined 𝐸𝑦 of 0.607 GWh. The optimized mean 𝐸̃𝑑 per 465 

unit area per day is 0.501 kWh, and the mean 𝜏 is 5.1 hours per day, which are 2.3 times and 0.85 466 

times of the unoptimized ones, respectively. As the PV module can only receive a component of 467 

solar radiation, the power generation capability of the SHS is the lowest, with a maximum of about 468 

0.617 kWh/m2 per day. The SHS also has the shortest solar shading duration in summer but has 469 

better shading performance in winter. Overall, the SHS scenario is only competitive in terms of 470 

solar shading in specific seasons in Hong Kong, and can hardly handle year-round power and 471 

shading needs. 472 

 473 

4.3.2. SIS-based optimization 474 

The SIS strikes a balance between SHS and ROS in terms of power generation and solar 475 

shading duration. From a PV width of 0.5m to 0.9m, the increment of 𝜏 is kept for around 0.48 476 

hours. However, from 0.9m to 1.0m, the marginal benefit drops to less than 0.13 hours, suggesting 477 

that further increasing the PV width does not significantly contribute to additional shading hours. 478 

Thus, the PV width is set to 0.9m under the SIS. With this condition, only 18.2% of the PVSDs 479 



23 

 

(4030 units) can yield 46.54% of the total potential power generation (a combined 𝐸𝑦 of 0.907 480 

GWh). The mean 𝐸̃𝑑 is 0.685 kWh/m2 per day, and the mean 𝜏 is 6.66 hours per day, which are 481 

2.56 times and 0.98 times higher than the unoptimized ones, respectively. One possible limitation 482 

is that the effective shading time of some PVSDs may be less than 1 hour during winter (Fig. 9c). 483 

 484 

4.3.3. ROS-based optimization 485 

The ROS has an adaptive orientation towards solar angles, which has the most solar farming 486 

and the most shading of windows and surrounding PVSDs. The box shift dramatically higher along 487 

the 𝜏-axis From a PV width of 0.5m to 0.7m. However, when going from a PV width of 0.7m to 488 

0.8m, the marginal benefit dramatically decreases (Fig. 9a). As a result, the PV width is set to 0.7m 489 

in the ROS. In this width, the ROS yields a total of 4159 eligible PVSDs, producing a combined 490 

𝐸𝑦 of 0.861 GWh. The mean 𝐸̃𝑑 is 0.811 kWh/m2 per day, and the mean 𝜏 is 6.61 hours per day, 491 

which are 2.54 times and 0.96 times than the initial values, respectively. In addition, a width of 492 

0.7m can ensure at least 1 hour of effective shading during winter (Fig. 9c) and approximately 7 493 

hours during summer (Fig. 9b), without unacceptable shortage in different seasons. This indicates 494 

that the ROS successfully provides a balance between shading requirements in various seasons 495 

while maximizing solar energy production. 496 

The spatial distribution of the optimized PVSDs is shown in Fig. 10, with a detailed color 497 

scheme presented in Table 3. It can be observed that power generation on building façades presents 498 

gradual changes, and continuous access to direct solar irradiation can greatly offset the adverse 499 

effect of overshadow on lower modules across all scenarios. The PVSDs facing southeast have the 500 

greatest potential for electricity generation (Figs. 10a,e,i). For certain south-facing PVSDs in a 501 

quadrangle, PVSDs with higher power potential tend to be concentrated in the central regions (Figs. 502 

10b,f,j). While a few PVSDs can be installed on the top floors on the southwestern side under SHS 503 

(Fig. 10c), the shaded areas provide almost no eligible spaces for PVSD installation under SIS and 504 

ROS (Figs. 10g,k). The PVSDs in the building shown in View D present a large variation in power 505 

potential, with certain areas on the top floor being particularly well-suited for PVSD installation 506 

(Figs. 10d,h,l). 507 

In summary, given the spatially heterogeneous distribution of solar PV potential, it is essential 508 

to consider the economics of PV module deployment. The amount of generated electricity, shading 509 

duration, and construction cost all increase as the width of the PVSD increases. It is suggested to 510 
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concentrate on installing PVSDs on the unobstructed southeastern side and selectively install them 511 

on the upper floors of U-shaped buildings that are heavily shaded by neighboring structures. 512 

Installing PVSDs every two floors can be considered to minimize the adverse effects of 513 

overshadow. As for the shady side of the study area, installing PVSDs on the top floor, which is 514 

always perpendicular to the wall, might be an appropriate choice.  515 

 516 

 517 

Fig. 10. Spatial distribution of the optimized PVSDs. Panels (a)-(d), (e)-(h), (i)-(l) correspond to 518 

SHS, SIS, and ROS, respectively. The characters above each column represent corresponding 519 

camera positions shown in Fig. 4, and a detailed color scheme is listed in Table 3. 520 

 521 

Table 3. The detailed color scheme for Fig. 10 under different scenarios 522 

Symbol Percentile of 𝐸𝑦 

𝐸𝑦 (kWh) 

SHS 

(Width: 0.7m) 

SIS 

(Width: 0.9m) 

ROS 

(Width: 0.7m) 

 [0%, 60%] [0, 93] [0, 161] [0, 147] 

 (60%, 68%] [94, 105] [162, 189] [148, 173] 

 (68%, 76%] [106, 127] [190, 226] [174, 208] 

 (76%, 84%] [128, 143] [227, 247] [209, 230] 

 (84%, 92%] [144, 147] [248, 253] [231, 235] 
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 (92%, 100%] [148, 157] [254, 271] [236, 248] 

 523 

5. Discussion 524 

Installing PVSDs with a smaller tilt angle can generate more electricity and provide more shade 525 

for the indoor environment. Although PVSDs can reduce the need for cooling by regulating the 526 

sunlight, there is no need to provide excessive shade indoors. When natural daylight cannot 527 

provide the required indoor illuminance, artificial lighting will be switched on, wasting energy. 528 

The trade-off between increased electricity production and the potential waste of unnecessary 529 

artificial lighting should be carefully considered when designing static inclined shading systems. 530 

PVSDs are cost-effective and can be promoted in urban areas because they not only capture 531 

solar energy without taking up additional urban space but also have a positive impact on a 532 

sustainable environment by reducing energy consumption for indoor cooling. We suggest that 533 

installing PVSDs on building façades only can partially offset the electricity demand of buildings, 534 

and systematically integrating rooftop and façade PVs in suitable locations may be a wise solution. 535 

In addition, adopting flexible installation scenarios in Hong Kong can help to address the mismatch 536 

between supply and actual demand over time and space. For cities around the world with different 537 

climates and urban morphologies, it is recommended to choose the installation strategy by 538 

comprehensively considering landscape design, installation feasibility, and actual power demand. 539 

The results presented involve uncertainties in several aspects. Firstly, the spatial resolution of 540 

the 3D point clouds and building footprint can be further improved. In this study, each point 541 

represents an area of 1 × 1 m2, and such size may not properly capture the size of certain windows. 542 

In other words, a few extracted window points may deviate from their actual spatial positions. 543 

Additionally, the building footprint is given in the shapefile format, which simplifies the building 544 

structure to a cuboid. Secondly, despite the comprehensive modeling of spatiotemporal solar 545 

distribution on 3D urban surfaces, accounting for the physical effects of extraterrestrial direct and 546 

diffuse solar radiation at an instant of time, historical atmospheric conditions, and the shadow cast 547 

by all buildings, the challenge of incorporating reflected radiation remains unaddressed. The 548 

consideration of reflected radiation requires detailed information regarding building surface 549 

materials and their respective reflectance properties, which is hard to collect at an urban scale. 550 

Thirdly, the estimation of the solar PV potential of PVSDs does not consider inter-building and 551 

inter-PVSD solar reflections. Such omission may result in a slight underestimation of the actual 552 
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power generation. Furthermore, using a fixed system performance ratio of 16.5% is a conservative 553 

approach. However, it disregards the impact of various factors, including PV module type, tilt 554 

angle, temperature, and other environmental conditions. These factors play a crucial role in the 555 

real-world power generation process and have the potential to introduce errors. 556 

Deep learning-based approaches can help resolve some of these issues. For example, using 557 

semantic segmentation networks to automatically identify and segment window areas from street 558 

view images can provide a cost-effective and consistent result for large-scale data preparation. In 559 

addition, utilizing street view images to estimate the reflectance properties of various building 560 

materials can provide a more comprehensive simulation of direct, diffuse, and reflective radiation, 561 

improving the accuracy of the estimation results. In future large-scale studies, it is also encouraged 562 

to carry out actual installations of planned BIPV facilities and compare their performance with the 563 

model’s estimates. Incorporating error metrics is advantageous for validating the accuracy of the 564 

model and identifying potential systematic errors. This approach will contribute to the realization 565 

of a more reliable and comprehensive sustainable city. 566 

Despite the presence of uncertainties, the study presents a practical, efficient, and transferable 567 

solution that enables rapid assessment of the solar PV potential of building components. This 568 

approach can be applied to diverse locations characterized by distinctive climates and urban 569 

morphologies. The adaptability of the analytical model to new meteorological and geometric 570 

datasets, which are readily available for numerous global cities, underscores its versatility. 571 

Consequently, this research makes a significant contribution to the development of sustainable 572 

cities, and the findings can inspire researchers, urban planners, and investors to promote the 573 

development of distributed PV systems in other cities.  574 

 575 

6. Conclusion 576 

This study proposes an optimization framework to maximize distributed solar farming and 577 

effective solar shading duration while minimizing PV area for PVSDs. A case study in Hong Kong 578 

demonstrated the spatiotemporal heterogeneity of solar potential distribution in an urban area, 579 

considering real-world weather conditions and shading caused by obstruction. The study modeled 580 

the urban surfaces as 3D point clouds, and estimated solar potential on PVSDs with the 581 

consideration of shadow effects. Three PVSD planning scenarios are proposed and compared to 582 

effectively maximize solar farming and minimize construction costs.  583 
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Taking power generation and effective shading duration into account, the PV widths are 584 

determined as 0.7m, 0.9m, and 0.7m for SHS, SIS, and ROS, respectively. Remarkably, the ROS 585 

outperforms the other two scenarios in terms of both power generation and shading duration. Under 586 

the flexible ROS scenario, the optimized 0.7-meter-wide PVSDs can generate 0.861 GWh of 587 

electricity annually, with a competitive average power generation efficiency of 0.811 kWh/m2/day 588 

and a solar shading duration of 6.61 hours/day. The well-suited installation areas for optimized 589 

PVSDs are identified from their spatial distribution, and it is suggested to install PVSDs on 590 

unobstructed southeast-facing windows and specific top floors. Overall, the estimated PV power 591 

generation and solar shading capacity are encouraging and inspiring, which motivates us to 592 

promote distributed solar farming using PVSDs. 593 

The precise determination of window positions and building surface reflectance remains a 594 

challenge in accurately modeling the power potential of PVSDs within urban environments. Future 595 

research can incorporate deep learning-based approaches and conduct real-world installations to 596 

validate model estimates and improve the accuracy.  597 
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