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Abstract

Building-integrated photovoltaics (BIPV) provide an important pathway for expanding dis-
tributed solar generation in dense urban areas, but comparable evidence on roof–facade re-
sources across different urban morphologies remains limited. This study develops a scalable
workflow to estimate the technical BIPV potential of roofs and facades within standardized
3 km × 3 km urban-core windows in 10 representative Chinese cities. Building footprints,
height-related attributes, and functional tags derived mainly from OpenStreetMap were
audited, cleaned, and completed through a hierarchical imputation strategy. A 2.5D urban
geometry model was then used to estimate annual solar irradiation on building envelopes,
with shading, orientation, and sky visibility explicitly considered. The results show that
inter-city variation in BIPV potential is not governed by sunshine duration alone, but is
strongly shaped by building density, height structure, envelope composition, and roof–
facade contribution patterns. High total potential and high envelope-use efficiency do not
necessarily occur in the same cities, indicating that total supply capacity and spatial deploy-
ment efficiency should be evaluated separately. The analysis further shows that facade-led
BIPV pathways may be important in high-density urban cores, but facade-related estimates
are sensitive to height-data completeness and usable-facade assumptions. These findings
suggest that urban BIPV planning should move beyond aggregate solar-resource ranking
and adopt morphology-aware, surface-specific, and data-quality-conscious assessment
frameworks. The proposed workflow is intended for early-stage screening and cross-city
comparison and provides a basis for identifying differentiated deployment priorities for
roofs and facades in urban solar energy systems.

Keywords: building-integrated photovoltaics; BIPV potential; urban solar energy; building
envelope; urban morphology; solar irradiation

1. Introduction
Building-integrated photovoltaics (BIPV) have become an important component of

low-carbon urban energy systems. In dense cities, where land resources are limited and
electricity demand is spatially concentrated, integrating photovoltaic elements into building
envelopes provides a way to expand distributed renewable generation without requiring
additional land. Unlike conventional ground-mounted or utility-scale photovoltaic systems,
BIPV uses existing building components, including roofs and facades, as energy-generating
surfaces while also contributing to building performance and architectural integration.
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The assessment of BIPV potential has gradually evolved from broad resource esti-
mation toward more spatially explicit and technically detailed analysis. Early studies
mainly supported national or regional energy planning and typically adopted top-down
approaches. These methods derived solar resource availability from satellite remote sensing
or meteorological reanalysis, combined it with land-use or building-stock statistics, and
applied empirical coefficients such as roof availability factors and system performance
ratios to estimate installable capacity or electricity generation at a macro scale [1–3]. Such
approaches are efficient and suitable for large-scale scenario analysis, but their simplified
treatment of building morphology, shading, and envelope usability limits their applicability
to urban design, policy implementation, and project-level planning.

With the increasing availability of urban spatial data, including high-resolution build-
ing footprints, digital surface models, and LiDAR datasets, research has increasingly shifted
toward bottom-up, building-level assessment approaches [4–6]. These methods treat in-
dividual buildings as the analytical unit and explicitly model roof geometry, orientation,
tilt, inter-building shading, and local environmental conditions. Compared with top-down
approaches, bottom-up methods better capture the influence of urban morphology on solar
access and are therefore more suitable for city-scale planning, distributed PV deployment,
and building-level screening.

BIPV assessment also differs from conventional rooftop PV evaluation. BIPV systems
serve as both energy-generating devices and functional building components. According
to international frameworks, such as IEA PVPS Task 15 and IEC standards, photovoltaic
elements qualify as BIPV only when they replace conventional envelope components and
provide functions such as weather protection, thermal regulation, structural integrity, or
daylight modulation [7–9]. Therefore, BIPV potential assessment should not only identify
available solar surfaces, but also consider which roofs, facades, skylights, and shading
devices can be realistically substituted with PV-integrated components. This introduces
additional constraints related to facade composition, window-to-wall ratio, transparency
requirements, architectural integration, and regulatory compliance.

Recent studies have further advanced BIPV and urban PV assessment toward continu-
ously updatable digital workflows. Solar cadastre systems in several countries integrate
GIS-based irradiance modelling, building databases, and web-based visualization tools to
provide regularly updated PV potential information [10,11]. In parallel, the integration of
GIS, BIM, and urban-scale energy modelling has supported more transferable and scalable
assessment frameworks, which are often based on standardized data structures and au-
tomated processing pipelines [12,13]. These developments indicate a shift from isolated
simulation exercises toward operational digital infrastructure for urban energy planning.

Alongside workflow development, the conceptual definition of PV potential has also
become more standardized. Earlier studies often reported theoretical maximum capacity or
annual generation directly, whereas more recent frameworks distinguish between theoretical,
geographical, technical, economic, and implementable potential, with explicit documentation
of assumptions and constraints [14–16]. This distinction is especially important for BIPV,
because technical feasibility depends not only on solar resource availability, but also on
architectural compatibility, envelope composition, and system integration conditions.

At the data acquisition level, deep learning has improved the extraction of building
and roof information from high-resolution aerial or satellite imagery [17,18]. These methods
have reduced the need for manual preprocessing and improved the scalability of urban solar
assessment. More recent work has extended this direction to facade-level semantic analysis
by combining street-view imagery and GIS data to estimate parameters such as window-to-
wall ratio and facade segmentation [19]. This development is particularly relevant for BIPV
because facade potential cannot be fully assessed from geometric envelope area alone.
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Energy-yield modelling has also progressed from simplified empirical estimation
toward more physically consistent simulation. Earlier studies often relied on fixed efficiency
assumptions or aggregate correction factors [20], while recent approaches increasingly
incorporate irradiance variability, temperature effects, inverter performance, and system
losses using time-resolved models [21]. For BIPV systems, this refinement is important
because photovoltaic components are thermally and functionally integrated into building
envelopes, creating interactions among electrical output, thermal behavior, and indoor
environmental performance [22]. Beyond resource estimation, frontier studies have begun
to link BIPV potential with load matching, grid constraints, and energy storage, moving
the field from static potential assessment toward operational feasibility analysis [23].

Overall, BIPV potential assessment has advanced along several directions: from macro-
scale estimation to building-scale modelling, from rooftop-focused analysis to roof–facade
integration, and from static resource quantification to multi-dimensional urban energy
evaluation. However, a practical challenge remains in balancing modelling precision
with scalability and data availability. High-fidelity methods can improve accuracy, but
they often rely on detailed geometric, facade, and weather data that are not consistently
available across cities. Open and widely accessible datasets are more suitable for multi-city
comparison, but they require careful treatment of data incompleteness, simplified geometry,
and uncertainty in facade-related estimates.

Despite these advances, three gaps remain in current BIPV potential assessment.
First, many high-resolution studies provide detailed estimates for individual buildings
or single cities, but their data requirements limit transferability across multiple urban
contexts. Second, open-data-based approaches are more scalable, yet they often simplify
building height, facade geometry, and usable envelope area without explicitly discussing
how these assumptions affect cross-city comparison. Third, existing assessments frequently
emphasize total solar or PV potential, while giving less attention to the distinction between
total supply capacity, envelope-use efficiency, roof–facade contribution structure, and
data-quality uncertainty. These gaps are particularly important for BIPV, because facade-
based potential is strongly affected by urban morphology, building-height completeness,
window-to-wall ratio, and practical deployability constraints.

This study contributes to this field by developing a consistent and transferable work-
flow for comparative BIPV potential assessment across 10 representative Chinese cities.
Rather than aiming at high-fidelity prediction for individual buildings, the study focuses on
identifying morphology-driven differences under a unified analytical framework. The main
contributions are threefold: first, it integrates data auditing, hierarchical height completion,
2.5D geometry construction, and solar-irradiation calculation into a scalable cross-city work-
flow; second, it evaluates BIPV potential using multiple indicators, including total potential,
window-area-normalized potential, footprint-area-normalized potential, envelope-area-
normalized potential, and roof–facade contribution structure; third, it explicitly discusses
the interpretation boundary caused by height-data completeness, simplified geometry,
sunshine-duration correction, and usable-facade assumptions. These contributions provide
a screening-level basis for comparing urban BIPV resources and identifying differentiated
deployment priorities for roofs and facades.

In this context, this study develops a consistent and transferable workflow for eval-
uating roof and facade BIPV potential across 10 representative Chinese cities. Using
standardized 3 km × 3 km urban-core windows, the workflow combines data auditing, hi-
erarchical attribute completion, 2.5D urban geometry, and solar-irradiation modelling with
shading, orientation, and sky visibility. Rather than replacing high-fidelity building-level
simulations, the study aims to support early-stage screening and cross-city comparison by
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identifying how urban morphology, envelope composition, and data quality jointly shape
BIPV potential under a unified analytical framework.

2. Research Methods
2.1. Site Selection

This study examines 10 representative Chinese cities as analytical cases, selected to
reflect a broad range of urban, climatic, and morphological conditions rather than to form
a statistically exhaustive sample. The selection intentionally covers major geographical
regions of China, including northern cities such as Beijing, central cities such as Wuhan,
western inland cities such as Chengdu and Xi’an, and eastern coastal cities such as Shanghai,
Hangzhou, and Shenzhen, shown in Figure 1. This spatial distribution allows the analysis
to capture variations in solar resource conditions, including differences in annual sunshine
duration and atmospheric characteristics.

Figure 1. City sampling map.

Beyond climatic diversity, the selected cities also represent different stages and patterns
of urban development. Megacities such as Beijing and Shanghai exhibit complex and
mature urban fabrics with a mixture of historical and modern building stock, while rapidly
developing cities such as Shenzhen are characterized by high-density, high-rise clusters
and relatively uniform building typologies. Other cities, such as Chongqing and Chengdu,
present terrain and urban forms that are more heterogeneous, introducing additional
variability in building distribution and shading relationships.

Importantly, the selection also reflects differences in data completeness within the
underlying open-source dataset. Some cities contain relatively rich building-height and
functional-tag information, while others rely heavily on inferred or default values. Rather
than treating this variability purely as a limitation, the study incorporates it into the com-
parative framework, using it to illustrate how data quality interacts with methodological
assumptions and influences the interpretation of BIPV potential, particularly for facade-
related results.

For comparability, each case city was represented by a fixed 3 km by 3 km urban-core
window rather than by its full administrative boundary. The window coordinates were
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predefined in the city configuration file and processed in WGS84 coordinates with the same
nominal area of approximately 9 km2. The purpose of this design was to hold the spatial
sampling unit constant while comparing urban morphology, building density, height-data
completeness, and solar-resource conditions across cities. The results should therefore be
interpreted as determinations based on standardized urban-core samples, not as estimates
of total citywide BIPV resources.

2.2. Data Audit, Cleaning, and Preprocessing

Before conducting BIPV potential assessment, the completeness, consistency, and
reliability of raw building data are systematically evaluated and processed to ensure that
subsequent calculations are based on physically plausible and internally consistent inputs.
This process integrates attribute auditing, data cleaning, geometric feature extraction, and
missing-value imputation into a unified preprocessing workflow.

The analysis begins with an attribute completeness audit, focusing on the availability
of building height and functional information. Specifically, the proportion of buildings
with explicit height attributes, those with building-levels attributes, and those missing both
is quantified to assess the degree of reliance on inferred data. In parallel, the coverage
of building-type tags is summarized to evaluate the feasibility of type-based grouping
and parameter assignment. At the geometric level, the distribution of footprint area is
characterized using minimum, median, and upper-percentile statistics, providing a baseline
understanding of building-scale variation within each study area.

Following the audit, building height information is extracted and standardized. When
explicit height values are available and fall within a physically reasonable range (greater
than 0 and less than 300 m), they are retained directly. Values outside this range are
adjusted to boundary thresholds to mitigate the influence of extreme outliers. For buildings
lacking explicit height but containing building-levels information, height is estimated by
multiplying floor counts with simplified floor-height assumptions, using 3 m per floor for
buildings below 30 floors and 4 m per floor for taller structures. Floor counts exceeding
a predefined upper limit are capped to prevent unrealistic height estimates. Buildings
missing both height and floor-count attributes are marked as incomplete and reserved for
subsequent imputation.

To support morphological analysis and potential estimation, geometric features are
further derived from building footprints. These include footprint area, perimeter, and a
compactness indicator defined as the ratio of area to perimeter. Based on footprint area,
buildings are grouped into multiple size classes (e.g., <80 m2, 80–200 m2, 200–800 m2,
800–3000 m2, and >3000 m2), allowing the analysis to distinguish scale-dependent differ-
ences in solar potential, shading exposure, and deployment feasibility.

Missing height values are addressed through a hierarchical imputation strategy de-
signed to balance statistical robustness and spatial plausibility. First, buildings are grouped
according to functional type, spatial zone, and size class. When a sufficient number of
valid samples is available within a group, the group-average height is used for imputa-
tion. If group-level data are insufficient, a spatial neighborhood approach is applied by
searching for nearby buildings within a defined window and using neighborhood statistics
for estimation. In cases where both group-level and neighborhood-level information are
limited, a uniform default height is assigned to ensure model completeness. While this
approach introduces uncertainty, particularly for facade-related calculations, it allows the
construction of a continuous and computationally tractable dataset suitable for city-scale
comparative analysis.

Overall, the preprocessing workflow prioritizes consistency and scalability over geo-
metric precision, ensuring that all cities are evaluated under a unified data structure and
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assumption system while preserving the primary morphological characteristics relevant to
BIPV potential estimation.

2.3. Calculation Method

At the city scale, this study aimed to provide a physically consistent and spatially
interpretable estimate of annual solar irradiation received by building exterior surfaces,
including roofs and facades. The method was designed for comparative urban-scale assess-
ment rather than high-fidelity prediction of individual building performance. Therefore,
simplified building geometry, regular surface sampling, explicit shading representation,
and empirical weather scaling were combined to capture the first-order spatial differences
in solar availability among cities, under consistent assumptions.

2.3.1. Building-Envelope Geometry

Each building was represented as a 2.5D extrusion of its footprint. Roof area was
calculated as the projected footprint area, while geometric facade area was calculated as
the footprint perimeter multiplied by building height. Building height was treated as
an approximate value derived from available building-height or floor-count information.
When floor-count information was used, building height was estimated by multiplying
the number of floors by a constant floor height. This abstraction was not intended to
reproduce exact architectural forms, but to represent the main geometric drivers of ur-
ban solar potential, including roof area, facade area, building height, and surrounding
shading relationships.

The baseline facade results reported in Section 3 are based on geometric facade area,
which was calculated as building footprint perimeter multiplied by building height. There-
fore, the facade-related estimates represent geometric upper-bound BIPV resources rather
than directly deployable facade capacity.

In practical BIPV deployment, windows, balcony openings, structural elements, exter-
nal air-conditioning units, shading devices, maintenance zones, and architectural constraints
reduce the usable facade area. To clarify how such constraints could be incorporated in
future or scenario-based analysis, the usable facade area can be estimated using Equation (1):

A_facade,usable = A_facade × (1 − WWR) × f_struct × f_service (1)

where WWR is the window-to-wall ratio, f_struct represents the remaining facade fraction
after structural and architectural constraints, and f_service represents the remaining facade
fraction after service-equipment and maintenance exclusions. These parameters were not
applied to the baseline results in Section 3 because consistent building-type-specific WWR,
structural-constraint, and service-equipment data were not available across all 10 cities.
Therefore, Equation (1) is presented as a correction framework rather than as the basis of
the reported baseline results.

2.3.2. Surface Discretization

Roof and facade surfaces were discretized into regular sampling points. Roof surfaces
were sampled using a regular grid with a baseline spacing of 20 m. Facade surfaces were
sampled along each footprint edge at 20 m horizontal spacing and 10 m vertical spacing. If a
roof polygon did not contain any regular grid point, one representative point was assigned
to the roof to avoid omitting small buildings. Each sample point carried an area weight
corresponding to the roof or facade area it represented. Annual irradiation for each surface
was then calculated by summing the weighted irradiation values of all sample points.
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To examine the sensitivity of the results to sampling resolution, a convergence test was
conducted using grid spacings of 40 m, 20 m, and 10 m. The number of roof and facade sam-
ple points in each city and the convergence results are reported in the revised manuscript.

2.3.3. Solar Position, Shading, and Sky Visibility

Hourly solar position was calculated using standard solar-geometry equations based
on latitude, longitude, date, and local time. For each sample point, surrounding buildings
within a 250 m search radius were identified to estimate local obstruction conditions. These
surrounding buildings were projected into 16 azimuth bins, and the maximum obstruction
angle in each bin was used to define the local skyline profile.

Direct irradiance was counted only when the solar altitude was greater than the
obstruction angle in the corresponding solar azimuth bin. If the solar altitude was lower
than the obstruction angle, the direct component was set to zero. This procedure allowed
the model to represent the effects of building height, orientation, and inter-building shading
on direct solar access.

Sky visibility was estimated using the obstruction angles of the azimuth bins. The sky
view factor was approximated as the mean squared cosine of the skyline obstruction angles
and was used to attenuate diffuse and horizon-related irradiance components. In this way,
the method accounts not only for direct shading, but also for the reduction of visible sky
caused by dense urban morphology.

2.3.4. Irradiance Model and Weather Scaling

For solar altitude α > 0, clear-sky direct normal irradiance and diffuse horizontal
irradiance were estimated in Equation (2):

DNI = 950 sin(α)1.2

DHI = 120 sin(α)0.5 (2)

where α is the solar altitude angle. Plane-of-array irradiation was calculated by combin-
ing direct incidence, isotropic diffuse radiation, circumsolar diffuse radiation, horizon-
brightening diffuse radiation, and reflected radiation. Diffuse partitioning used an
anisotropy index based on DNI/I0n, for which I0n is the extraterrestrial normal irra-
diance. The horizon-brightening component was represented using a Reindl-type factor
based on sqrt(BHI/GHI), in which BHI and GHI denote beam horizontal irradiance and
global horizontal irradiance, respectively.

To account for differences between theoretical clear-sky irradiation and local long-
term weather conditions, an empirical sunshine-duration correction was applied. Annual
weather scaling was calculated using Equation (3):

k = min(1, n/N) (3)

where n is the observed annual sunshine duration and N is the modelled annual daylight-
hour count. When monthly sunshine-duration data were available, the same ratio was
applied month by month. This correction was used to rescale the theoretical irradiation
level according to observed sunshine availability. It should be interpreted as an empirical
sunshine-duration correction rather than a calibrated Angstrom–Prescott model, because
no site-specific calibration coefficients were introduced.
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2.3.5. Electricity Conversion

Annual PV electricity generation was estimated from incident plane-of-array irradia-
tion in Equation (4):

E_PV = (H_POA × A × η_PV)/106 (4)

where H_POA is the annual incident plane-of-array irradiation in kWh m−2 yr−1, A is the
represented surface area in m2, η_PV is the PV module conversion efficiency, and E_PV is
the annual electricity generation in GWh yr−1. In this study, a fixed PV module conversion
efficiency of 20% was adopted. Inverter losses, temperature losses, degradation, soiling,
availability, and AC-side performance ratio were not explicitly modelled. Therefore, the
reported electricity estimates should be interpreted as DC-side technical potential rather
than final AC electricity output.

Overall, this workflow was designed to capture first-order spatial variations in solar
availability across different urban morphologies, under a consistent modelling framework.
The resulting estimates are therefore more suitable for comparative assessment and early-
stage urban-scale screening than for precise prediction of PV performance at the individual-
building level.

2.3.6. Parameter Rationale

The parameter values used in the proposed workflow were selected to balance spatial
representation, computational feasibility, and methodological consistency across the 10 stan-
dardized urban-core windows. This follows the general requirement of urban-scale and
large-scale PV potential studies, in which model resolution, data availability, spatial cover-
age, and scalability need to be balanced rather than maximized simultaneously. Previous
studies on urban and large-scale rooftop-PV-potential assessment have emphasized that
different assessment approaches involve trade-offs between spatial resolution and scalabil-
ity, and that the appropriate method depends on the intended application, data availability,
and planning scale [24]. Large-scale geospatial assessments have also demonstrated the
value of standardized workflows for regional or cross-city technical-potential estimation,
even when simplified assumptions are required to maintain broad spatial coverage and
comparability [25,26]. In addition, review and urban-scale studies have shown that build-
ing geometry, shading representation, solar-resource modelling, and data completeness
are key components of urban PV potential assessment, but their level of detail should be
adapted to the study scale and available data [27,28].

In this study, the 250 m obstruction search radius was used to capture first-order
shading effects from surrounding urban blocks while avoiding excessive computation from
distant buildings with limited obstruction influence. The 16 azimuth bins were adopted
as a compromise between directional resolution and computational efficiency in skyline-
obstruction estimation. The 20 m roof sampling spacing and 20 m × 10 m facade sampling
resolution were selected to provide sufficient surface coverage for city-scale comparison
while maintaining tractable computation for all cities. These settings are therefore intended
as baseline parameters for standardized comparison rather than universally optimal values
for high-fidelity engineering simulation.

3. Results
Unless otherwise stated, all results reported in Section 3 are based on geometric roof

and facade areas. Facade-related indicators therefore represent geometric upper-bound
BIPV resources under the simplified 2.5D envelope model. The usable-facade correction
in Equation (1) was not applied to the baseline results because consistent window-to-wall
ratio, structural-constraint, and service-equipment data were not available for all 10 cities.
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3.1. Inter-City Variation in Total BIPV Potential

Under a unified 3 km by 3 km urban-core window, the technical BIPV potential of
the 10 Chinese cities varies sharply. Nanjing has the highest annual total potential, at
923.61 GWh/y, followed by Shanghai (771.84 GWh/y), Hangzhou (663.97 GWh/y), and
Shenzhen (629.50 GWh/y). Guangzhou (570.05 GWh/y) and Beijing (565.77 GWh/y)
form a second tier; Xi’an (494.24 GWh/y) and Chengdu (416.04 GWh/y) are intermediate;
Chongqing (108.24 GWh/y) and Wuhan (94.59 GWh/y) are substantially lower. The
highest-to-lowest ratio reaches 9.76, indicating order-of-magnitude differences even under
the same spatial window and calculation framework.

Figure 2 shows that sunshine duration alone does not explain the ranking of total
potential. Across the 10-city sample, the Pearson correlation between annual sunshine
duration and total BIPV potential is only 0.398. Beijing has the highest multi-year average
sunshine duration (2667.2 h), yet its total potential remains only mid-ranked. By contrast,
Hangzhou and Shanghai do not lead in sunshine conditions but still exhibit high aggregate
potential. This pattern supports the central argument that morphology-driven factors,
including building density, size structure, and facade availability, are stronger drivers of
cross-city divergence than is solar climate alone within the standardized study window.

Figure 2. Total BIPV potential versus multi-year average sunshine duration across the 10 city
core windows.

3.2. Normalized Performance and Spatial Efficiency

Comparing totals alone obscures efficiency differences per unit geometry. Under
potential per window area, Nanjing still ranks first at 102.62 GWh/km2/year, followed
by Shanghai (85.76 GWh/km2/year), Hangzhou (73.77 GWh/km2/year), and Shenzhen
(69.94 GWh/km2/year). Under potential per building-footprint area, Hangzhou moves to
first place at 535.58 KWh/m2/year, ahead of Nanjing (462.00 KWh/m2/year) and Shenzhen
(345.50 KWh/m2/year). However, the envelope-normalized indicator tells a different story:
Beijing ranks first at 113.33 KWh/m2/year, followed by Wuhan at 85.54 KWh/m2/year,
while Hangzhou falls to 38.35 KWh/m2/year, details shown in Figure 3. This distinction is
important because the study object is the full building envelope rather than footprint alone.
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Figure 3. Comparison of normalized BIPV potential across the 10 city core windows, using window-
area, footprint-area, and envelope-area indicators.

The normalized indicators therefore separate total supply capacity from envelope-use
efficiency. Footprint-based normalization tends to amplify the apparent advantage of high-
rise cities, whereas the envelope-based metric is more directly aligned with BIPV as a roof-
plus-facade system. Wuhan illustrates this distinction well: despite having the lowest total
potential, it still reaches 215.51 KWh/m2/year by footprint area and 85.54 KWh/m2/year
by envelope area. Conversely, Hangzhou remains highly efficient by footprint but no longer
leads when the full envelope denominator is used.

3.3. Roof-Versus-Facade Contribution Structure

The contribution structure of roofs versus facades shows clear differentiation across
cities. Hangzhou is the most facade-dominant city, with facades contributing 78.4% of
total potential and roofs only 21.6%; Nanjing also shows strong facade dominance at 69.3%.
Shanghai (59.0%) and Shenzhen (56.4%) are likewise facade-led. In contrast, Beijing (roof:
63.8%), Xi’an (60.7%), Chongqing (62.2%), and Wuhan (66.3%) are roof-dominant cities.

These structural differences imply different BIPV deployment pathways for different
cities. Results for Hangzhou, Nanjing, Shanghai, and Shenzhen indicate that, in study
windows with concentrated high-rise, high-density, and large-volume buildings, facades
can provide more than half, and in some cases nearly three-quarters, of total potential.
However, facade shares should be interpreted together with building-height data source
structure rather than as pure morphology signals. In Xi’an, 14,334 of 14,360 buildings are
assigned the default height, and in Wuhan 443 of 461 buildings are also default-imputed;
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Hangzhou, by contrast, contains 454 buildings with measured height and 222 with type-
based imputation. Cross-city facade comparisons are therefore more reliable where height
information is richer and should be treated as conservative estimates where default-height
dependence is dominant, shown in Figure 4.

Figure 4. Contribution structure of roofs and facades to total BIPV potential in the 10 city core windows.

3.4. Concentration Effect and Building-Size Pattern

Building-level potential is not uniformly distributed, and cities exhibit distinct concen-
tration patterns. Figure 5 makes this more intuitive than a single scatter metric: Shenzhen,
Beijing, and Xi’an show steep cumulative curves, meaning a limited set of top-ranked
buildings accounts for a large share of city potential. This matches the top-20% contribution
values of 73.1%, 70.8%, and 70.4%, respectively, and the high P90/P50 ratios of 6.02 and 6.72
in Beijing and Xi’an. Such cities are better matched to pilot-project-oriented deployment
strategies that prioritize a limited portfolio of high-yield assets.

From the perspective of building-size structure, the 800–3000 m2 class contributes
the most in Hangzhou (46.9%), Guangzhou (43.7%), Beijing (33.9%), Chengdu (47.8%),
Chongqing (48.3%), and Wuhan (44.2%), while Nanjing, Shanghai, and Xi’an are dominated
by the 200–800 m2 class, with contributions of 42.4%, 39.3%, and 34.8%, respectively.
Shenzhen is the only city dominated by very large buildings (3000+ m2), where this
class contributes 42.6% of total potential. That contribution pattern should be interpreted
together with the building-count structure: in Shenzhen, 3000+ m2 buildings account for
only 7.9% of buildings but contribute 42.6% of potential, whereas in Nanjing the 200–800 m2

class represents 59.4% of buildings and contributes 42.4% of potential. The difference is
therefore not only which class contributes the most, but whether it dominates because it is
numerous or because it is exceptionally strong per building.
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Figure 5. Cumulative share curves of building-level BIPV potential across the 10 city core windows.

3.5. Functional Tags and Deployable Targets

Grouping by functional tags shows that most cities are still dominated by build-
ing = yes, indicating that OSM functional labels remain coarse in many study windows.
This is especially pronounced in Beijing (87.5%), Xi’an (95.5%), and Wuhan (79.1%), so
function-level structures in these cities should not be overinterpreted. Even so, determi-
nations for cities with a relatively higher proportion of informative labels still support
limited but useful deployment insights. In Shenzhen, commercial buildings contribute
36.4% of total city potential; in Hangzhou and Nanjing, apartments contribute 37.3% and
27.5%, respectively. The practical implication is that functional tags can help identify
priority deployment objects where labels are reasonably complete, while cities dominated
by building = yes should retain only the interpretation boundary rather than stronger
type-specific conclusions.

3.6. Data Quality and Interpretation Boundary

Data quality is not uniform across the 10 cities, and this should be treated as part of the
interpretation of results rather than a footnote. Hangzhou has the strongest direct height
support in the sample, with a height_present_ratio of 0.566, and only 15.7% of buildings use
the default height. By contrast, the Xi’an dataset has a height_present_ratio of only 0.0011
and relies on default-height imputation for 99.8% of buildings, while the Wuhan dataset
uses default-height imputation for 96.1% of the buildings, shown in Figure 6. Because
facade area and facade irradiation are both height-sensitive, cross-city differences in facade
share and envelope-normalized efficiency are more robust where height sources are richer,
and more uncertain where default imputation dominates.
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Figure 6. Building-height data source structure across the 10 city core windows, showing measured,
derived, and imputed building-height shares.

3.7. Limited External Reference-Validation Result

To provide a preliminary external check on the proposed screening-level workflow, a
limited reference validation was conducted using a published rooftop-PV-potential study
for Wuhan. Wuhan was selected because an independent city-scale rooftop PV assessment
based on 0.5 m high-resolution aerial imagery and deep learning is available for its central
urban area. The reference study covers seven central urban districts of Wuhan and reports
approximately 130 km2 of suitable rooftop area and 18.18 GW of installable PV capacity [29].

The validation focused on the rooftop capacity-estimation component of the workflow.
The fixed 20% PV module efficiency adopted in this study corresponds to an implied
module power density of approximately 200 Wp/m2 under standard irradiance conditions,
which is consistent with the 200 W/m2 power-density assumption used in the Wuhan
reference study. In addition, the reported 18.18 GW capacity over approximately 130 km2

of suitable rooftop area corresponds to an effective capacity density of about 140 W/m2

after rooftop-use constraints. These results support the order-of-magnitude plausibility of
the rooftop PV capacity-conversion assumption used in the proposed workflow.

However, this comparison should not be interpreted as a full validation of annual
BIPV electricity generation, because the two studies differ in spatial boundaries, assess-
ment objects, rooftop-availability assumptions, shading treatments, and electricity-yield
modelling methods.

3.8. Result Summary

Overall, the 10-city comparison reveals four consistent patterns. First, morphology-
driven factors are stronger than sunshine duration alone in explaining total-potential di-
vergence. Second, normalized indicators identify different leaders, depending on whether
the denominator is window area, footprint area, or envelope area, so high total supply
does not necessarily imply high envelope-use efficiency. Third, roof-versus-facade struc-
tures and cumulative-share curves point to different deployment pathways, ranging from
facade-led and demonstration-first cities to roof-led and broader-rollout cities. Fourth,
these interpretations must be read together with data quality, especially the structure of
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height sources, because facade-related outputs are more uncertain where default-height
imputation dominates.

Taken together, these results suggest that urban solar potential is not solely determined
by climatic conditions, but is strongly shaped by the interactions between building mor-
phology, spatial configuration, and data completeness. While individual indicators provide
different perspectives on performance, their combined interpretation offers a more compre-
hensive understanding of how solar resources are distributed within urban environments.
This reinforces the importance of adopting multi-dimensional evaluation approaches when
assessing BIPV potential at the city scale.

4. Discussion and Limitations
4.1. Discussion

The results of this study indicate that the technical potential of BIPV in dense urban
areas is determined by the combined effects of solar-resource conditions and urban mor-
phological structure, rather than by sunshine duration alone. In principle, BIPV potential
can be understood as the product of the available building-envelope area, the incident
solar irradiation, and system conversion assumptions. Therefore, two cities with similar
climatic solar resources may still show different BIPV potentials if their building densities,
height distributions, envelope-area composition, shading relationships, and roof–facade
proportions differ. This explains why the ranking of total BIPV potential in this study does
not simply follow the ranking of annual sunshine duration. Similar conclusions have been
reported in studies of urban solar access, where building form, compactness, density, and
obstruction geometry were shown to affect solar availability at the scales of individual
buildings, blocks, and neighborhoods [30–34].

The physical mechanism behind this result is related to the way urban geometry
redistributes solar access. Roof surfaces are mainly affected by horizontal exposure, roof
area, mutual shading, and surrounding obstruction angles, while facade surfaces are more
sensitive to building height, orientation, street-canyon geometry, and sky-view conditions.
In compact urban fabrics, increased density may enlarge the total available envelope area,
especially vertical surfaces, but it can also intensify mutual shading and reduce the effective
irradiance received by individual surfaces. Therefore, high levels of building density do
not automatically imply high BIPV efficiency. Its effect depends on whether the additional
envelope area compensates for the irradiation loss caused by shading. This is consistent
with previous urban-solar studies showing that compactness and built-form configuration
can either support or suppress solar potential, depending on the spatial arrangement
of buildings [31–35].

The distinction between total potential and normalized potential is therefore necessary.
Total BIPV potential reflects the aggregate electricity-generation opportunity within the
selected 3 km × 3 km urban-core window, but it does not reveal whether the building
envelope is used efficiently. Footprint-normalized potential emphasizes solar productivity
relative to land occupation, which is useful for comparing the intensity of solar-energy
production in different urban fabrics. However, for BIPV assessment, envelope-normalized
potential is more directly related to the effective use of roofs and facades as photovoltaic
carriers. The differences among these indicators show that BIPV evaluation should not
rely on a single ranking metric. A city may have high total potential because it contains a
large amount of envelope area, while another city may show higher envelope-use efficiency
because its surfaces receive stronger irradiation per unit envelope area. Such multi-indicator
interpretation is consistent with the broader distinction between geographical, technical,
economic, and implementable renewable-energy potentials [36–38].

https://doi.org/10.3390/buildings16132592

https://doi.org/10.3390/buildings16132592


Buildings 2026, 16, 2592 15 of 19

The roof–facade contribution structure is another key finding of this study. Con-
ventional urban PV assessments have often focused on rooftops because roofs are easier
to identify, model, and retrofit. However, BIPV differs from conventional rooftop PV
because photovoltaic components can be integrated into vertical facades, curtain walls,
shading devices, and other envelope elements. In high-rise and high-density urban cores,
facade area can exceed roof area by a large margin, making vertical surfaces an important
part of the technical potential even when their unit-area irradiation is lower than that of
roofs. Previous studies on solar availability and BIPV facade renovation have also em-
phasized that facades should be included in dense-city assessments, particularly where
roof area is limited or where building-envelope renovation is linked with energy transition
strategies [23,39–43]. The facade-led patterns identified in some cities in this study are
therefore not only numerical outcomes, but also reflect the geometric consequences of
vertical envelope expansion in high-density built environments.

At the same time, the interpretation of facade potential must be linked to building-
height data quality. In the present workflow, facade area is derived from footprint perimeter
and building height. This means that height information directly affects both the denom-
inator of envelope-normalized indicators and the estimated facade contribution. Where
measured or reliable derived height data are available, roof–facade comparisons are more
stable. Where default-height imputation dominates, facade-related results should be
treated as more uncertain. This is an important methodological point, because open urban
datasets are rarely uniform across cities. Studies on OpenStreetMap and those referencing
building-height estimation have shown that building attributes, especially height, are often
incomplete and spatially heterogeneous, and that missing height estimations can introduce
uncertainty into downstream urban modeling [44,45]. Therefore, incorporating height-
source structure into the interpretation is not merely a data-quality note, but a necessary
condition for responsible cross-city comparison.

The concentration analysis further shows that BIPV potential is unevenly distributed
among buildings. In some cities, a small proportion of buildings accounts for a large share
of total potential, whereas other cities show a more even distribution. This pattern has
practical significance. Where the cumulative curve is steep, deployment can first target a
limited group of high-yield buildings, which is suitable for pilot-project-oriented strategies.
Where the curve is flatter, broader deployment across medium-scale buildings may be more
appropriate. This distinction links technical-potential assessment with implementation
priority. It also avoids treating the city as a homogeneous solar surface, which would
obscure the actual spatial hierarchy of deployable resources. Similar city-scale PV studies
have highlighted the need to move from aggregate potential estimates toward spatially
explicit prioritization based on building-level characteristics, shading, roof geometries, and
demand-side relevance [46–48].

The methodological contribution of this study lies in its balance between scalability and
interpretability. High-resolution LiDAR, DSM, BIM, or detailed 3D city models can provide
more accurate surface geometry and shading calculation, but such data are not consistently
available across many cities. Conversely, purely top-down methods are scalable but cannot
capture building-envelope structure or local shading relationships. The proposed workflow
occupies an intermediate position: it uses open building data and simplified 2.5D geometry
to preserve the main geometric drivers of BIPV potential, including roof area, facade area,
height, orientation, and obstruction effects. This makes the method suitable for early-stage
comparison, policy screening, and identification of where more detailed local simulation is
needed. Similar trade-offs between geometric detail, computational cost, data availability,
and urban-scale comparability have been discussed in solar-potential modeling reviews
and city-scale PV studies [30,37,46–49].
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From an urban-planning perspective, the results suggest that BIPV deployment should
be adapted to urban form rather than guided only by climatic solar resources. Cities
with strong facade contribution may require design standards and incentive mechanisms
for facade-integrated systems, while roof-led cities may benefit more from conventional
rooftop deployment pathways. Cities with high concentrations of potential among top-
ranked buildings may prioritize demonstration projects, whereas cities with more evenly
distributed potential may need district-wide or building-type-based strategies. Therefore,
the main significance of the study is not in providing exact building-level yield prediction,
but in its establishment of a comparative framework that reveals how urban morphology,
envelope composition, and data reliability jointly shape BIPV technical potential. This
provides a basis for connecting BIPV assessment with urban design, renewable-energy
planning, and future high-resolution simulations.

4.2. Limitations and Future Work

The results should be interpreted as a standardized comparison of technical BIPV po-
tential within selected urban-core windows, not as validated estimates of actual deployable
electricity generation. Several limitations should be noted.

First, the irradiation model was not externally validated against ground measurements,
LiDAR-based radiation simulations, satellite-derived solar products, or solar cadastre
datasets. Therefore, the magnitude and direction of systematic bias cannot be quantified.
The observed inter-city differences may reflect real morphological differences, but may also
include errors from model simplification and input-data uncertainty.

Second, the OpenStreetMap-based building dataset has uneven attribute completeness.
Building height is especially important, because both facade area and facade shading depend
on it. Facade-related indicators are therefore more reliable in cities with measured or derived
height information, and more uncertain where default-height imputation dominates.

Third, the 2.5D geometry simplifies real building form. Buildings are represented
as extruded footprints with a uniform height, and without detailed roof shapes, rooftop
equipment, setbacks, facade articulations, or local self-shading. This supports scalable
cross-city comparison but limits building-level accuracy.

Fourth, baseline facade estimates represent geometric upper-bound resources. Facades
are initially treated as continuous vertical planes, while real BIPV deployment is constrained
by windows, balcony openings, structural elements, external air-conditioning units, shading
devices, maintenance zones, and architectural requirements. Therefore, facade-dominant
results should be interpreted together with usable-facade correction factors, especially for
buildings with high window-to-wall ratios or complex curtain-wall systems.

Fifth, the sunshine-duration correction is an empirical scaling step rather than a cali-
brated Angstrom–Prescott model. It adjusts clear-sky irradiation according to observed
sunshine duration, but does not fully capture seasonal cloud cover, aerosol loading, humid-
ity, or short-term weather variability.

Sixth, the reported GWh/year values are based on simplified PV conversion assump-
tions. A fixed module efficiency was used, while inverter losses, temperature effects,
degradation, soiling, availability, grid constraints, economic feasibility, and policy restric-
tions were not explicitly modelled. The results should therefore be understood as DC-side
technical potential or screening-level generation potential, not final AC electricity output.

Finally, the 3 km by 3 km windows improve cross-city comparability but do not
represent entire municipal areas. The results describe selected urban-core samples and
should not be directly extrapolated to total citywide BIPV resources.
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5. Conclusions
This study establishes a city-based, comparison-capable workflow for estimating BIPV

technical potential within standardized 3 km by 3 km urban-core windows in 10 representa-
tive Chinese cities. Under consistent assumptions and a unified calculation framework, the
results reveal substantial inter-city variation in annual potential and show that morphology-
driven factors, rather than solar resources alone, are the main drivers of divergence. The
comparison also demonstrates that high aggregate potential does not necessarily corre-
spond to the highest envelope-use efficiency at the building level.

A second key finding is the strong structural heterogeneity between roof and facade
contributions, together with clear differences in concentration patterns across cities. Facade-
led cities demonstrate that vertical envelope utilization can dominate total potential in high-
rise and high-density contexts, whereas roof-led cities are more suitable for simpler roof-
priority deployment pathways. Similarly, cities with strong concentrations near prominent
buildings are better matched to demonstration-first strategies, while flatter distributions
support broader rollout across medium-scale building groups.

These findings should nevertheless be interpreted within the limits of the present
dataset and modeling assumptions. Height inference and missing-value imputation directly
affect facade-related outputs, and coarse OSM functional tags constrain confidence in
function-level interpretation where building = yes dominates. For this reason, the study is
best understood as a consistent comparative assessment of technical potential rather than a
direct prediction of deployable capacity.

Future work can improve this framework by introducing higher-fidelity geometry,
richer attribute datasets, and tighter coupling with demand, grid hosting capacity, and
storage operation. Such extensions would support a transition from comparative technical
potential assessment toward more directly deployable urban BIPV planning.

In addition to the analytical findings, the results of this study also have implications for
urban planning and policy development. The identification of morphology-driven differ-
ences in BIPV potential suggests that photovoltaic deployment strategies should be tailored
to specific urban contexts rather than relying on uniform guidelines. For high-density
and high-rise cities, where facade contributions are substantial, policy frameworks may
need to place greater emphasis on facade-integrated systems, including design standards,
incentives, and regulatory support for vertical applications. In contrast, cities characterized
by lower building heights and more dispersed urban form may benefit more from roof-
oriented deployment strategies, where implementation barriers are relatively lower and
technical feasibility is more straightforward.

The proposed workflow is intended for screening-level cross-city comparison, pre-
liminary BIPV feasibility assessment, and identification of roof- and facade-deployment
priorities. It is not intended to replace detailed engineering designs, project-level sys-
tem sizing, financial feasibility analyses, or high-fidelity building-level PV performance
simulations, which require more detailed geometric, irradiance, facade-availability, and
system-performance data.
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