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This study evaluates the techno-economic performance and CO, benefits of
transparent building-integrated photovoltaics (BIPV) facades with Al-
enabled operation across four Saudi smart-city sites (NEOM, Riyadh, Red Sea,
and AlUla). The objective is to quantify how an Al decision-support layer
affects electricity generation, levelized cost of electricity (LCOE), discounted
payback, return on investment (ROI), and CO, outcomes. A multi-site, per-m?
facade simulation is conducted at hourly resolution and aggregated into
monthly and annual indicators. Three cases are compared: conventional PV
(S1), transparent PV without Al (S2), and Al-enabled transparent PV (S3); a
maintenance-constrained case (S3b) is also assessed. Al is represented as
condition-based loss recovery through reduced soiling-related losses and
improved cleaning responsiveness, without altering PV device physics.
Results show that S3 improves transparent-fagade yield relative to S2 by
%8.75-9.22%, reducing LCOE by =7.4-7.9%, shortening payback by %1.2-1.3
years, and increasing ROI by ~0.8-0.9 percentage points. Avoided operational
CO; increases proportionally with delivered electricity. Economic realism
and probabilistic uncertainty analyses indicate that feasibility depends on
tariff and financing conditions, Al/controls cost, and maintenance
practicality. Overall, conventional PV should be prioritized for bulk
generation, while Al-enabled transparent facades are suitable as a
complementary resource where architectural and planning constraints
justify facade integration.

© 2026 The Authors. Published by IASE. This is an open access article under the CC
BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

address these limits by using more of the building's
exterior for solar collection, including facades widely

Smart-city growth is increasing electricity use
while also increasing the pressure to deliver urban
services with lower carbon emissions. Therefore,
city planners are placing greater emphasis on
integrating renewable energy with digital energy
management systems (Ali et al,, 2023; Almihat et al,,
2022; Kim et al.,, 2021). Solar photovoltaics remain
one of the most practical options for reducing
emissions from urban electricity, but installations in
cities are often constrained by small roof areas,
shading from nearby buildings, and competition for
rooftop space (Ang et al, 2022; Izam et al., 2022).
Building-integrated photovoltaics (BIPV) helps

* Corresponding Author.
Email Address: dr.adh93@gmail.com (A. Alhndawi)
https://doi.org/10.21833/ijaas.2026.08.009

Corresponding author's ORCID profile:
https://orcid.org/0009-0003-4562-7763
2313-626X/© 2026 The Authors. Published by IASE.
This is an open access article under the CC BY-NC-ND license
(https://creativecommons.org/licenses/by-nc-nd/4.0/)

available in dense areas and high-rise smart-city
designs (Almihat et al., 2022; Hoang and Nguyen,
2021; Kim et al., 2021). In addition, semi-transparent
and transparent photovoltaic options are especially
suitable for facades and glass surfaces because they
can maintain daylight and support building
appearance while still generating electricity (Huang
and Markides, 2021; Katepalli et al., 2023).

Saudi Arabia is a strong case for facade-based
solar, as national transition plans are accelerating
renewable-energy expansion alongside major smart-
city developments (Al-Saidi, 2022; Islam and Alj,
2024). Smart-city programs that focus on advanced
public services, grid upgrades, and sustainability
rating systems also increase the value of distributed,
building-level generation that can be tracked and
improved over time (Ali et al., 2023; Arévalo and
Jurado, 2024; Deeb et al.,, 2024). However, buildings
in Saudi Arabia also operate under difficult
conditions—very high temperatures, strong sunlight,
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and dust accumulation—which can lower PV output
and make facade-level upkeep more challenging (Al-
Shetwi, 2022; Ang et al.,, 2022; Cherupurakal et al,
2021). As a result, it is important to measure not
only how much energy transparent BIPV can
produce, but also what it means for costs and
emissions when deployed across different Saudi
smart-city locations (Al-Saidi, 2022; Chen et al,
2021; Islam and Ali, 2024).

Although PV materials and semi-transparent cell
designs have advanced rapidly, transparent PV
systems often face a clear trade-off between
efficiency and visibility, which can widen the
performance gap compared with standard opaque
modules (Ashraf et al.,, 2023; Katepalli et al., 2023).
Consequently, transparent BIPV facades require
careful technical and economic testing to determine
whether their design and urban advantages justify a
higher cost per kilowatt-hour under real-world
climate conditions (Chen et al, 2021; Elia et al,
2021; Hoang and Nguyen, 2021). Losses caused by
dust buildup and light reflection are especially
significant in dusty regions, which has increased
interest in improved surface treatments and self-
cleaning solutions; however, these challenges also
point to the need for well-planned operation and
maintenance strategies (Al-Shetwi, 2022; Ang et al,,
2022; Cherupurakal et al,, 2021). At the same time,
artificial intelligence (Al) is increasingly being used
to support renewable-heavy energy systems by
improving forecasting, guiding operational decisions,
and strengthening asset management across large
deployments (Abisoye et al, 2024; Bennagi et al,
2024; Boza and Evgeniou, 2021).

Al approaches are often applied to reduce
uncertainty in variable renewable energy output
through short-term prediction, to support control
actions, and to help schedule maintenance to reduce
downtime and limit performance decline (Abisoye et
al, 2024; Arévalo and Jurado, 2024; Boza and
Evgeniou, 2021). Studies reviewing Al in renewable
energy note that benefits usually come less from
changing how PV systems operate and more from
reducing operational losses and improving decision-
making across planning and day-to-day operations
(Arévalo and Jurado, 2024; Bennagi et al, 2024).
However, many published works separate Al
performance results from economic feasibility,
creating a need for research that clearly measures
how an Al-enabled operations layer changes annual
energy output, cost metrics, and emissions savings—
particularly for transparent BIPV facades in harsh-
climate smart cities (Abisoye et al., 2024; Arévalo
and Jurado, 2024; Chen et al, 2021). For Saudi
Arabia specifically, there is still limited evidence
across multiple sites that compares transparent
BIPV performance with and without Al support
under the same assumptions and evaluation criteria
(Al-Saidi, 2022; Deeb et al., 2024; Islam and Alj,
2024).

This paper responds to that need by presenting a
multi-site simulation study of transparent BIPV
facades in Saudi smart-city locations, comparing
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cases with and without Al-enabled operation across
three decision layers: energy performance, techno-
economics, and operational CO, impact. The main
goal is to measure how Al-supported operations
affect annual energy yield and, in turn, the levelized
cost of electricity (LCOE), payback period, and return
on investment (ROI). In addition, the study estimates
avoided CO, emissions using an operational
accounting boundary. The work makes six
contributions: (1) a consistent multi-site, per-m?
facade functional-unit comparison across NEOM,
Riyadh, the Red Sea Project, and AlUla; (2) an explicit
Al-enabled operational logic description (inputs,
clean-power estimator, soiling indicator, trigger
rules, and false-trigger mitigation) that links
condition-based actions to energy-yield recovery;
(3) strengthened model credibility through
literature-based validation and an additional facade-
relevant benchmark; (4) an upgraded robustness
assessment that complements OFAT sensitivity with
probabilistic (Monte Carlo) uncertainty
quantification; (5) expanded environmental
reporting by complementing operational avoided
CO, with a simplified embodied-carbon screening for
key BIPV and Al components; and (6) a
maintenance-feasibility (access-constrained)
scenario to test the sensitivity of S3 benefits to
realistic facade cleaning constraints. This study
considers Al at the level of overall system effects and
does not focus on specific model designs or
predictive-maintenance classifiers; instead, it
emphasizes how Al enablement changes system-
level results.

2. Literature review

2.1. Transparent photovoltaics and transparent
BIPV facade systems

Transparent and semi-transparent PV enable
solar generation to be integrated into building
facades and glazing when conventional opaque
modules conflict with architectural appearance,
daylighting needs, or facade design constraints. This
is particularly relevant in dense smart-city districts,
where vertical surfaces can expand on-site
generation beyond limited roof area (Hoang and
Nguyen, 2021; Kim et al, 2021). A central design
constraint is the transparency-efficiency trade-off:
increasing visible-light transmission generally
reduces electrical conversion, so transparent BIPV
assessments must jointly consider optical
performance (e.g, VLT/daylighting) and delivered
electricity rather than electricity output alone
(Huang and Markides, 2021; Katepalli et al., 2023).

Approaches such as spectral management and
combined PV/thermal designs demonstrate that
semi-transparent devices can serve as useful
building-envelope components while, in some cases,
improving overall energy use. However, facade-scale
deployment continues to face practical hurdles,
including strong dependence on orientation, added
wiring and compliance requirements, and long-term
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stability of both optical and electrical performance
under real exposure (Ashraf et al., 2023; Gupta et al.,
2021; Huang and Markides, 2021; Izam et al,, 2022;
Katepalli et al., 2023). As a result, transparent BIPV
in smart-city design is typically justified as a
supporting envelope solution that extends solar
harvesting beyond roofs, but only when feasibility
evidence clearly addresses yield, cost, and sustained
performance over time (Chen et al., 2021).

2.2. Performance determinants in hot-arid and
dust-prone environments

In hot-arid regions, high operating temperatures
can significantly reduce PV output because higher
cell temperatures lower voltage and overall power.
In addition, facade integration can alter heat transfer
and ventilation compared with rooftop systems,
potentially further affecting temperature-related
losses (Al-Shetwi, 2022; Ang et al., 2022; Ashraf et
al,, 2023; Izam et al., 2022). Dust and soiling are also
ongoing causes of performance loss in desert
conditions  because particles reduce light
transmission and can increase mismatch losses. For
facade systems, cleaning can be more difficult due to
limited access and safety requirements, making

realistic maintenance assumptions especially
important (Al-Shetwi, 2022; Ang et al., 2022).
Material and surface solutions, including

superhydrophobic and anti-reflective self-cleaning
coatings, have been proposed to reduce soiling
losses. However, their long-term reliability under
abrasive dust, intense UV exposure, and extended
service life remains uncertain for fagade-scale
applications (Ashraf et al., 2023; Cherupurakal et al.,
2021). In addition, vertical installation changes the
angle at which sunlight strikes the surface and shifts
seasonal irradiance patterns, while dense urban
settings add complex shading and reflection effects.
Therefore, site-specific modeling is needed to avoid
drawing misleading conclusions from horizontal
irradiance data alone (Ang et al., 2022; Hoang and
Nguyen, 2021; Kim et al,, 2021).

2.3. Artificial intelligence as an operational
enabler for PV and BIPV systems

Automated, data-driven operation has often been
presented as a way to improve renewable system
performance through better prediction, operational
support, and maintenance analysis. This is especially
relevant in smart-city contexts, where sensor
networks and digital platforms can track many
distributed systems continuously (Ali et al., 2023;
Arévalo and Jurado, 2024; Bennagi et al, 2024;
Wolniak and Stecuta, 2024). Among these uses,
short-term generation prediction is the most
established because more accurate forecasts can
reduce uncertainty and improve coordination with
storage and flexible demand. As a result, the main
benefits are usually seen as reduced losses and
improved reliability, rather than changes to how
modules convert sunlight into electricity (Abisoye et
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al, 2024; Bennagi et al.,, 2024; Boza and Evgeniou,
2021).

In addition, automated fault identification and
maintenance prioritization can limit downtime and
target corrective actions, which matters in harsh
climates where soiling and other stressors can cause
frequent deviations that are difficult to handle
through manual inspection alone (Al-Shetwi, 2022;
Bennagi et al,, 2024; Zhang et al.,, 2022). However,
results do not always transfer cleanly from one site
to another because performance depends on data
availability, sensor quality, and local operating
conditions. Therefore, comparisons across locations
require clear assumptions and consistent evaluation
methods (Abisoye et al.,, 2024; Arévalo and Jurado,
2024; Chen et al., 2021). More broadly, system-level
studies of smart grids and microgrids also describe
these tools as supporting resilience and loss
reduction in electricity networks with high
renewable shares (Konstantinou, 2021).

2.4. Techno-economic assessment frameworks
for PV and BIPV

Techno-economic assessments typically separate
upfront costs (CAPEX) from ongoing costs (OPEX)
over a defined lifetime and commonly report LCOE,
payback period, and ROIL. However, BIPV evaluations
require careful boundary choices because
integration costs and the extent to which PV replaces
conventional building-envelope elements are not
consistently allocated across studies (Ang et al,
2022; Chen et al, 2021; Hoang and Nguyen, 2021).
When assumptions are clearly stated, LCOE helps
compare different technologies, while payback and
ROI provide decision-friendly indicators. Even so,
both can change substantially depending on tariffs,
discounting choices, and financing assumptions
(Alafnan, 2024; Chen et al., 2021).

Comparisons are often weakened by inconsistent
reporting of key inputs, such as the discount rate,
degradation, replacement events, and the
assignment of facade-integration costs. As a result,
headline metrics can be harder to interpret for
smart-city planning and procurement (Ali et al,
2023; Almihat et al.,, 2022; Ang et al., 2022; Chen et
al, 2021). In addition, because costs can fall as
products mature, scenario-based evaluations can be
useful for emerging BIPV options, but only when the
underlying assumptions are explicitly stated and
consistently applied (Elia et al., 2021; Izam et al,
2022).

2.5. Environmental impact for
building-integrated solar

reporting

Operational avoided CO, is often estimated by
multiplying delivered electricity by a grid-emission
factor within a clearly defined displacement
boundary. When the emission-factor source and
boundaries are documented, this method supports
consistent comparisons across systems and locations
(Al-Shetwi, 2022; Chenic et al, 2022). However,
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avoided-emissions estimates can vary widely
depending on whether average or marginal emission
factors are used and whether future grid
decarbonization is accounted for. Therefore,
transparent assumptions are essential for credible
comparisons between technologies and sites (Chenic
etal, 2022).

Life-cycle assessment expands the boundary
beyond operation to include embodied impacts and
allocation rules. This is especially important for BIPV
because PV elements may interact with conventional
facade materials and construction choices. However,
uncertainty in manufacturing scale and long-term
durability can make comparisons more difficult for
newer PV options (Al-Shetwi, 2022; Chenic et al,,
2022; Elia et al., 2021). In the Saudi transition and
smart-city setting, decision-focused reporting needs
measures that can be compared across projects and
communicated clearly, which reinforces the
importance of consistent operational CO, reporting
and well-defined boundaries (Al-Saidi, 2022; Ali et
al,, 2023; Deeb et al,, 2024; Islam and Ali, 2024).

2.6. Synthesis of prior work and identification of
research gaps

Across the literature, several themes recur.
Smart-city energy planning benefits from distributed
renewables and coordinated digital management,
and BIPV expands usable PV collection area beyond
rooftops by activating building envelopes in dense
districts (Ali et al.,, 2023; Almihat et al,, 2022; Kim et
al,, 2021). In hot-arid environments, PV performance

is further constrained by high operating
temperatures and soiling, which increases the
importance of maintenance planning and

performance monitoring for reliable operation (Al-
Shetwi, 2022; Ang et al.,, 2022; Cherupurakal et al,,
2021). Prior work also shows that transparent and
semi-transparent PV can be integrated into facades
and glazing to support daylighting and architectural
objectives; therefore, its value is often linked to
where conventional PV placement is limited by
design or land-use constraints (Huang and Markides,
2021; Katepalli et al,, 2023).

In parallel, research on Al and data-driven
operations indicates that forecasting, anomaly
detection, and maintenance-focused analytics can
reduce avoidable losses and strengthen the
resilience of renewable systems (Abisoye et al,
2024; Arévalo and Jurado, 2024; Bennagi et al., 2024;
Boza and Evgeniou, 2021). However, most studies
either report Al performance improvements without
linking them to fagade-normalized economic
decision metrics or evaluate techno-economic
outcomes without explicitly modeling an operational
Al layer. As a result, there remains limited evidence
that quantifies—under consistent functional-unit
and boundary assumptions and across multiple
locations—how an Al-enabled operational layer
changes facade-specific outcomes such as annual
energy yield, LCOE, discounted payback, ROI, and
operational avoided CO, for transparent BIPV
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applications (Chen et al., 2021; Wolniak and Stecuta,
2024; Zhang et al., 2022).

A consistent multi-site evaluation remains
limited for Saudi smart-city locations that
quantifies—using the same functional unit and
accounting boundaries—the incremental impact of
an Al-enabled operational layer (e.g., condition-
based soiling response and maintenance decision
support) on energy yield, techno-economic
indicators, and operational avoided CO, for
transparent BIPV facades operating under hot-arid
and dust-prone conditions (Al-Saidi, 2022; Arévalo
and Jurado, 2024; Chen et al., 2021; Deeb et al., 2024;
Islam and Ali, 2024). In addition, the literature
provides limited facade-scale validation evidence,
frequently relies on operational-only CO, boundaries

without  embodied-carbon  screening, rarely
quantifies  probabilistic = uncertainty  (beyond
deterministic  sensitivity), and often omits

maintenance-feasibility constraints that can limit
achievable cleaning/response intervals for high-rise
facades.

3. Methodology
3.1. Study design and scenario definition

This study applies a comparative, multi-site
simulation design to evaluate transparent BIPV
facade performance under Saudi conditions and to
quantify the incremental value of an Al-supported
operational approach. Three standardized scenarios
were defined to separate technology configuration
from operational strategy while maintaining the
same functional unit and evaluation boundary across
all sites.

Scenario S1 (Traditional PV) serves as the
conventional PV reference case for interpreting
facade-based transparent PV outcomes. Scenario S2
(Transparent PV  without AI) represents a
transparent PV facade operated under periodic,
schedule-based 0&M without algorithmic support.
Scenario S3 (Al-enabled Transparent PV) uses the
same transparent PV facade configuration as S2 but
adds an operational decision-support layer intended
to reduce avoidable losses through forecast-
informed monitoring, condition-based interventions,
and maintenance prioritization, without altering PV
device physics (Abisoye et al., 2024; Arévalo and
Jurado, 2024; Bennagi et al, 2024). To reflect
practical high-rise maintenance constraints, an
additional scenario is introduced: Scenario S3b
(Maintenance-constrained Al-enabled Transparent
PV), which applies the same TPV configuration and
Al decision logic as S3 but imposes an operational
feasibility constraint (e.g, a minimum achievable
cleaning interval and/or delayed work-order
execution due to fagade-access limitations at height).

System performance is estimated through a
simulation workflow linking site meteorological data
to PV/TPV performance modeling and then to
system-level indicators (Ang et al., 2022; Izam et al.,
2022). Outputs are computed at an hourly time step
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and aggregated to monthly and annual values to
obtain delivered electricity. Annual electricity
outcomes are then translated into techno-economic
indicators (LCOE, discounted payback period, and
ROI) using life-cycle costing assumptions (Chen et
al,, 2021; Elia et al,, 2021). Environmental outcomes
are reported as operational CO, avoidance by
multiplying delivered electricity by an assumed grid
emission factor under a clearly defined displacement
boundary (Chenic et al, 2022). This consistent
scenario structure and aggregation method enable
fair cross-site comparison of energy, economic, and
operational CO, impacts (Ang et al., 2022; Chen et al,,
2021).

and

3.2. Case-study  sites

parameterization

site-specific

The assessment covered four Saudi smart-city
locations—NEOM, Riyadh, the Red Sea Project, and
AlUla—to represent different development contexts
and to test whether operational support benefits
remained consistent under varied climatic
conditions (Al-Saidi, 2022; Deeb et al.,, 2024; Islam
and Ali, 2024). This selection included inland hot-
arid settings as well as coastal-influenced
environments, where PV performance drivers can
differ because of temperature patterns and airborne
particles (Al-Shetwi, 2022; Ang et al., 2022).

Each site used long-term weather inputs and the
same system assumptions, so differences in results
were mainly due to location, not to changing
methods between sites (Ang et al., 2022; Chen et al,,
2021). Temperature-related performance reduction
was included because higher operating temperatures
reduce PV efficiency and are a major influence on
annual yield in hot-arid climates (Ashraf et al.,, 2023;
[zam et al., 2022). Soiling effects were also included
because dust buildup reduces light transmission and
makes cleaning and maintenance more important,
especially for fagades where limited access can affect
practicality (Al-Shetwi, 2022; Cherupurakal et al,
2021). Fagade orientation and sunlight angle effects
were considered because vertical or near-vertical
systems capture sunlight differently than optimally

tilted rooftop PV systems (Ang et al., 2022; Hoang
and Nguyen, 2021). Reliability and degradation were
handled through life-cycle assumptions, since harsh
exposure can speed up performance decline and
influence long-term economic outcomes (Ashraf et
al, 2023; Chen et al,, 2021). A consistent boundary
was used for both economic and CO, calculations
across all sites to support fair cross-site comparisons
for smart-city decisions (Chen et al., 2021; Chenic et
al,, 2022; Deeb et al., 2024).

3.3. Transparent BIPV facade system definition
(per m? of facade area)

The transparent BIPV facade is defined using a
functional unit of 1 m? of vertical building-envelope
area to ensure consistent cross-site comparison. The
system comprises a glazing-integrated transparent
PV (TPV) element that generates electricity while
transmitting visible light to support daylighting and
architectural requirements, consistent with reported
use cases for curtain-wall and glazing integration
where rooftop PV area is limited (Katepalli et al,
2023).

For all sites, the TPV surface is modeled as a
vertical plane (tilt = 90°) with a south-facing
orientation (azimuth = 180°) to maintain consistent
geometry and to represent a typical high-rise facade
configuration. The TPV element is treated as part of
an insulated glazing unit (IGU) assembly, with
electricity collected via an edge-sealed junction
connection to building DC wiring and converted to
AC power through an inverter.

The system boundary includes fagade-level
electricity generation and conversion to AC power
and explicitly accounts for major loss mechanisms
relevant to Saudi hot-arid operation, including
temperature-related derating, soiling losses, inverter
and wiring losses, and long-term degradation.
Transparent PV is parameterized through its
assumed optical-electrical design constraints
(visible-light transmission and lower STC efficiency
relative to opaque PV), with the adopted
performance parameters reported in Table 1 (Huang
and Markides, 2021).

Table 1: System technical parameters used for the facade PV configurations (per m? basis)

Parameter Symbol Unit S1: Traditional PV (benchmark) S2/S3: Transparent PV facade (TPV)
Reference fagade area A m? 1.0 1.0
Tilt B ° 90 90
Azimuth (south-facing) y_az ° 180 180
Visible light transmittance VLT % 0 30
STC module efficiency n_STC % 22 8
STC power density (per m?) P_STC W/m? 220 80
Inverter efficiency n_inv % 97 97
DC wiring + mismatch losses L_dc % 3 3
Temperature coefficient p_P %/°C -0.35 -0.30
Nominal operating cell temperature NOCT °C 45 48
Annual degradation rate d % /year 0.6 0.8
Baseline soiling loss (average) L_soil % 5 8
Cleaning interval (periodic baseline) CI days 30 30
Service life for accounting N years 25 25

3.4. Al enablement description

In this study, Al enablement is described as an
operational support layer that improves electricity
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generation by reducing avoidable losses, especially
those caused by soiling. This improvement comes
from detecting performance changes earlier and
carrying out maintenance actions more quickly.
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Therefore, the aim is not to alter how photovoltaic
systems physically operate, but to enhance operation
and maintenance decisions using standard
monitoring data (Deceglie et al., 2018; Sepulveda-
Oviedo et al.,, 2023). The workflow, shown in Fig. 1,
starts by collecting key inputs, including irradiance
(or a proxy), temperature, AC power, rainfall data,
and system status signals. After filtering the data for
quality, the system estimates the expected “clean”
power output under the same environmental

conditions. It then compares actual and expected
outputs to calculate a performance indicator that
helps detect possible soiling-related losses. This
indicator is evaluated using decision rules that
include thresholds, temporal persistence, and event
screening to reduce false alarms.

As a result, actions such as cleaning or
maintenance alerts are triggered, followed by
verification of system recovery and updates to the
baseline model.

Al-enabled operational workflow for Scenario S3

Monitoring inputs
POA irradiance (or proxy), temperature, AC power, predipitation, operational flags

Y

Data quality filtering and preprocessing
Qualified daytime points, remove curtailment/fault periods, smoothing

A

Expected clean power estimation

P¢ = f(Gy, Ty, sun-angle proxies, lags)

Y

Soiling/performance indicator
SRe= Py /P
Lower SR indicates potential soiling-related loss

Is SR below threshold
for persistence window W?

False-trigger screening

Rain event? Inverter fault? Curtailment?

Shading anomaly?

Maintenance alert /

. 5
e Soiling pattern confirmed?

o Post-action verification and baseline update

Continue monitoring

Issue cleaning work order
(Next feasible maintenance slot)

(Check recovery in SR, update clean reference periods)

Simulation parameterization in Scenario S3
o Effective soiling loss: 8% -> 6%
 Effective cleaning interval in high-soiling periods: 30 days -> 21 days

Al improves operations through earlier detection and response timing; PV device physics are unchanged

Fig. 1: Al-enabled operational workflow (scenario S3)

3.4.1. Data inputs and sensing layer

The Al layer relies on a standard BIPV monitoring
setup suitable for smart-city applications and does
not require dedicated soiling sensors. It uses several
common inputs, including plane-of-array irradiance
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(POA), which may be measured directly or estimated
from weather data. It also incorporates module or
back-surface temperature, or a modeled relationship
between ambient and module temperature. In
addition, AC power output and inverter status
signals are used to track system performance.



Alhndawi et al/International Journal of Advanced and Applied Sciences, 13(8) 2026, Pages: 83-107

Rainfall data help identify natural cleaning events,
while operational flags such as curtailment or faults
help exclude unrelated performance losses. These
data sources are typical in PV/BIPV systems and are
sufficient to estimate soiling losses by comparing

expected and measured output (Deceglie et al., 2018;
Kalimeris et al., 2023). Table 2 clearly presents the
assumed inputs and how they are used in the
workflow.

Table 2: Al layer assumed inputs, indicators, and triggers

Variable Source (assumed)

Purpose How used in workflow

Pyranometer/reference cell/met-data
proxy

Sensor or model

POA irradiance (or proxy)

Module/back-surface
temperature

AC power Pt Inverter measurement

Rain/precipitation flag Weather data

Inverter status/fault flags
Curtailment/clipping flag
Sun-angle proxy/time variables
Trigger threshold SRth
Persistence window W
Minimum cleaning interval
Clmin

Inverter logs
Controller/inverter
Solar geometry
Operator-defined
Operator-defined

O&M constraint

Capture temperature effects

Remove non-soiling effects
Prevent misclassification
Improve model accuracy
Detect performance drop

Estimate expected clean

Measure actual output

Detect natural cleaning

Input for expected output calculation and
daytime filtering
Used in estimating expected power under
current conditions
Compared with the expected power to assess
performance
Identifies clean periods and excludes rainfall
events
Filters out fault or curtailed operation
Avoids false identification of soiling
Supports estimation and filtering
Initiates further checks when exceeded
Requires sustained deviation before action
Limits cleaning frequency and supports
scheduling

power

Reduce noise

Ensure feasibility

3.4.2. Clean-power estimator (expected output
model)

The system calculates expected clean power at
each time step using models trained on periods
assumed to be clean, such as after rainfall or
confirmed cleaning. These models use inputs such as
irradiance, temperature, and sun position and can be
implemented  using  established forecasting
approaches, including regression-based methods
(Antonanzas et al,, 2016). The result is an expected
clean-power value, denoted as P;, which depends on
environmental conditions. This estimate is updated
regularly using newly identified clean periods. In this
way, the method improves decision-making by
refining performance expectations under consistent
physical conditions, rather than altering the PV
system's underlying operation.

3.4.3. Soiling indicator and decision rules

Soiling is evaluated by comparing measured
power with expected clean power through a ratio. A
lower ratio indicates reduced performance, which
may be linked to soiling after proper data filtering.
This indicator is defined as SR = P / P/. However,
to avoid reacting to short-term fluctuations, the
system uses a two-step decision process. First, the
ratio must fall below a defined threshold (SR, <
SR;). Second, this condition must persist for a
specified time window W. Only when both
conditions are satisfied does the system proceed to
further checks and possible actions.

3.4.4. False-trigger mitigation and operational
constraints

To improve reliability, the workflow includes a
screening step that removes events caused by factors
other than soiling, such as faults, shading,
curtailment, or rainfall. In addition, maintenance
alerts are generated when performance patterns
deviate from typical soiling behavior, for example,
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due to sudden drops or when performance does not
recover after cleaning. Previous studies highlight the
importance of such data-driven monitoring for
improving fault detection and reducing downtime
(Sepulveda-Oviedo et al., 2023).

These safeguards are treated as essential
operational features in this study. Potential soiling
events are excluded if they occur alongside rainfall,
faults, curtailment, or detectable anomalies. At the
same time, practical maintenance limits are
considered. These include a minimum interval
between cleaning actions (Cl,,;,), scheduling tasks
through a work-order queue instead of immediate
execution, and escalating to inspection when
patterns indicate faults rather than gradual soiling,
such as sudden drops or lack of recovery after
cleaning.

3.4.5. How Al is represented in the simulation

In the simulation, the role of Al is represented
using simplified parameters that reflect improved
operational outcomes. Scenario S2 assumes an
average annual soiling loss of 8% with cleaning
every 30 days, while Scenario S3 assumes a lower
loss of 6% and a shorter cleaning interval of 21 days
during high-soiling periods. These values reflect the
benefits of earlier detection and faster response.
However, they are treated as assumed outcomes
rather than guaranteed results, and the PV system's
physical characteristics remain the same across
scenarios. To avoid overstating the role of Al, these
values are presented as outcomes consistent with
the workflow logic, rather than as measured
performance metrics such as accuracy or error rates,
which would require large-scale field validation.
Finally, uncertainty is addressed through sensitivity
analysis, which varies key factors such as
implementation costs and soiling reduction. In
addition, the maintenance-constrained scenario
(S3b) represents situations where maintenance
cannot be carried out promptly due to facade access
limitations. This provides a conservative estimate of
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achievable improvements under realistic high-rise Weather time-series inputs were handled at a 1-
maintenance conditions. hour time step. The hourly results were aggregated
into monthly totals, then into annual totals to
3.5. Simulation setup (tools, temporal resolution, calculate energy yield (kWh/m?/year). These annual
and output aggregation) values were used as consistent inputs for the techno-
economic calculations. To make the energy-to-cost
The study followed a simulation-based workflow link clearer and easier to interpret, the simulations
that used site weather data to estimate hourly explicitly accounted for the main loss sources that
electrical output from PV/TPV systems and then affect PV performance in harsh environments,
converted those results into monthly and annual key including temperature-related losses, soiling,
performance indicators (KPIs). This structure helped inverter and wiring losses, and long-term
ensure fair comparisons across locations that degradation (Al-Shetwi, 2022; Cherupurakal et al,
experience different hot-arid and dust-prone 2021). Table 3 illustrates the simulation
conditions (Ang et al., 2022; [zam et al., 2022). configuration settings.

Table 3: Simulation configuration

Item Setting (complete values)

Simulation time step 1 hour

Simulation horizon 1 typical meteorological year (TMY-equivalent) repeated for lifetime cashflow modeling
Sites NEOM, Riyadh, Red Sea Project, AlUla

SolarGIS (GHI/DNI/DHI), national meteorological station statistics for temperature and humidity, project-specific
dust/soiling proxies (all harmonized to hourly series)
Single-diode equivalent model with temperature derating and loss accounting; inverter conversion applied to obtain AC
energy
Losses considered Temperature derating, soiling, inverter losses, DC wiring/mismatch, availability (downtime), long-term degradation
Average monthly soiling loss profile with baseline annual mean of 8% for TPV; condition-based reduction applied only in S3

(see Section 3.4)
Eac
Hpoa-ANsre

Meteorological sources

PV/TPV performance model

Soiling representation

Performance ratio (PR) approach PRreported as PR = , using plane-of-array irradiance Hpp,

Primary output variables
(hourly)
Aggregated outputs
(monthly/annual)

POA irradiance, module temperature, DC power, AC power, loss components

AC energy (kWh/m?), PR, capacity factor, energy yield uplift (S3 vs. S2), inputs to LCOE/payback/ROI calculations

3.5.1. Model credibility and literature-based they are defined (Baras et al., 2016). In addition, a
validation (sanity checks) broader Saudi review reported ranges from 2% to
50% under different environmental conditions (Al
Because this study is based on simulation, a Garni, 2022). Therefore, the 8% value can be
focused validation step was carried out using considered a moderate baseline, while the 6% value
published literature. The aim is to confirm that the reflects a reasonable improvement linked to more
assumed annual PV yield and soiling-loss values are responsive maintenance (Al Garni, 2022; Baras et al,,
reasonable for hot-arid conditions in Saudi Arabia. In 2016).
addition, a facade-specific benchmark is included in
Section 3.5.2 to strengthen confidence in the 3.5.2. Additional validation benchmark (facade-
assumptions used for vertical BIPV systems. The relevant evidence)
main validation elements, supporting studies, and
comparison outcomes are summarized in Table 4. To further strengthen validation, a fagade-specific
For the reference PV yield in Scenario S1, the benchmark based on field data was included.
annual values were compared with monitored data Mohamed et al. (2026) monitored a full-scale vertical
from a large PV system installed on a building BIPV facade system (87.75 kWp) installed on a
(BAPV). Alazazmeh et al. (2022) analyzed a 425 kW south-facing wall in Aswan, Egypt, under harsh hot-
system and reported a specific yield of about 1,917 arid conditions. The study reported that high
kWh/kWp-yr. When the Scenario S1 results, which summer temperatures caused an average power loss
range from 1,795 to 1,904 kWh/kWp-yr, are of about 8% when the PV operating temperature
expressed on the same basis, they differ by reached approximately 47°C. Using the same linear
approximately -6.36% to -0.67%. Therefore, the temperature-derating method applied in this study
modeled energy output is consistent with measured (Section 3.3 / Table 1), and assuming a typical
performance under Saudi hot-arid conditions. coefficient of -0.35%/°C, the predicted loss is (47 -
For the soiling-loss assumptions in Scenarios S2 25) x 0.35% = 7.7%. This differs from the observed
and S3, the study uses an average annual loss of 8% value by only about 0.3 percentage points, or roughly
for transparent PV in S2 and a reduced value of 6% 3.8% in relative terms. This close agreement
in the Al-enabled S3. These assumptions were supports the reliability of the temperature-loss
checked against field evidence from Saudi Arabia, assumptions used in the facade simulations,
which shows that soiling losses vary widely although the results remain scenario-based and do
depending on location, exposure duration, and not replace detailed site measurements (Mohamed
cleaning practices. For example, a study in Rumah etal, 2026).
reported that soiling losses in the literature can Overall, these validation steps support the
range from about 3% to 40%, depending on how credibility of the model results. However, even with
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the inclusion of fagcade-specific benchmarking, they
do not replace direct validation using measured data
from actual facade installations. Future studies
should therefore focus on validating vertical BIPV

and transparent facade systems using real
monitored data, particularly where limited cleaning
access may influence performance.

Table 4: Literature-based validation/sanity-check comparison (field evidence vs. this study)

Validation target This study (where used)

Field evidence (Saudi/hot-
arid/facade-relevant)

Agreement statement

Reference PV annual yield
magnitude
Soiling-loss magnitude
(baseline and improved)
Fagade-relevant temperature-
derating magnitude

Scenario S1 annual yield

Transparent PV: 8% (S2);
improved: 6% (S3)
Temperature-loss assumptions
in fagade simulations

Monitored 425 kW Saudi BAPV
system (Alazazmeh et al., 2022)
Saudi studies and reviews (Al Garni,
2022; Baras et al,, 2016)
Field-monitored vertical BIPV fagade
in Aswan (Mohamed et al.,, 2026)

Results align within -6.36% to -0.67% of the
measured reference on a comparable basis
8% fits within reported ranges; 6% reflects

moderate improvement from better maintenance
Predicted ~7.7% vs. observed 8%, showing close
agreement and supporting model assumptions

3.6. Techno-economic model

3.6.1. Cost structure and assumptions (CAPEX,
OPEX, Al premium, replacements)

The techno-economic analysis followed a life-
cycle costing approach that separates the initial
investment (CAPEX), ongoing annual costs (OPEX),
and replacement expenses incurred over the project
lifetime. This format matches common practice for
assessing renewable-energy and energy-efficiency
options (Chen etal,, 2021; Elia et al,, 2021).

All costs were expressed per square meter of
facade to stay consistent with the functional unit

used in the energy simulations. Differences between
scenarios were reflected in the cost inputs: S1 used
standard assumptions for conventional PV; S2
accounted for the additional costs of integrating TPV
into the facade; and S3 included an extra premium
for Al/controls, along with a small increase in OPEX
to reflect enhanced monitoring and condition-based
actions. In this setup, Al-related costs were treated
as an operational support layer that affects
performance through how the system is run, not
through changes to the PV device itself (Bennagi et
al., 2024; Chen et al,, 2021). Table 5 illustrates the
economic assumptions and cost inputs (per m?).

Table 5: Economic assumptions and cost inputs (per m?)

S3: Al-enabled transparent

Parameter Unit S1: Traditional PV S2: Transparent PV PV
TPV/PV module + mounting/glazing package USD/m? 180 420 420
BIPV fagade 1nteg1jat10n (frames, seals, wiring USD/m? 60 180 180
interface)
Inverter and power electronics allocation USD/m? 35 35 35
Installation & commissioning USD/m? 55 70 70
Al/controls premium (sensors, gateway, analytics) USD/m? 0 0 35
Total CAPEX (at year 0) USD/m? 330 705 740
Annual OPEX (routine O&M + cleaning) % of CAPEX/year 1.5% 2.0% 2.2%

Inverter replacement
cost

Controls refresh (software/hardware)

year + % of inverter

year + % of Al cost

Year 13; 100% Year 13; 100% Year 13; 100%

- - Year 10; 40%
25 25 25

Project lifetime years
Real discount rate % 6.0 6.0 6.0
Electricity value (used for payback/ROI) USD/kWh 0.07 0.07 0.07
3.6.2. KPI definitions discount rate, and Nis the system lifetime in years.
And the unit is USD/kWh.
The levelized cost of electricity (LCOE) The discounted payback period is the time it

represents the average cost of generating one
kilowatt-hour of electricity over the system’s
lifetime, while accounting for the time value of
money. Therefore, it allows consistent comparison
between options with different costs and output
structures (Chen et al., 2021). It is calculated as the
ratio of discounted life-cycle costs to discounted
electricity generation:

Y
_o(1+mt
e (1)

Z t
=1+t

where, C, is the total cost in the year t(USD/m?),
including initial investment (CAPEX at t = 0), annual
operating costs (OPEX), and any replacement costs.
E.is the AC electricity delivered in year
t(kWh/m?.year). The parameter ris the real

LCOE =
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takes for discounted revenues to recover discounted
costs. In other words, it is the first year in which the
cumulative discounted net cash flow becomes zero
or positive (Chen et al,, 2021). It is defined as:

Payback = mi T-ZT RG>0
ay aCK = min H t=0(1+7”)t_

where, R, is the revenue in year t(USD/m?year),
calculated as:

(2)

where, p is the electricity value (USD/kWh). The unit
is years. Discounted return on investment (ROI)
measures profitability by comparing discounted net
benefits (revenues minus costs) with total
discounted costs, expressed as a percentage (Chen et
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al,, 2021). A higher ROI indicates a stronger financial kept at their baseline values unless stated otherwise.
return under the same assumptions: Therefore, any differences in results can be directly
attributed to the combined economic conditions. The

Z” Re—Cy effects of these cases on LCOE, discounted payback

ROI(%) = 5;“—“2” x 100 3) period, ROI, and the break-even assessment for
e Al/controls are presented and discussed in Section

4.3.4, highlighting the conditions under which the

All variables are defined above, and both costs advantage of Scenario S3 may decrease or become
and revenues are expressed on a per-square-meter less attractive.
facade basis to remain consistent with the study’s
functional unit. The unit is a percentage. 3.7. CO; impact model
3.6.3. Economic realism cases (combined 3.7.1. Operational avoided CO, (existing
assumptions) boundary)

To address uncertainty in financing conditions Operational avoided carbon dioxide (CO,)
and electricity pricing, the techno-economic analysis emissions are estimated by multiplying the
is extended by introducing combined “economic electricity generated by the system with a grid
realism” cases. Instead of changing one parameter at emission factor, using a boundary that considers
a time, these cases adjust key inputs together. They only operational effects. This approach assumes that
are based on the parameter ranges already defined electricity produced by the PV system replaces grid
in the sensitivity analysis. The objective is to electricity and therefore reduces emissions
examine whether the relative feasibility of associated with conventional generation (Chenic et
transparent PV with Al support remains stable under al,, 2022).
less favorable economic conditions. Three cases are For each site and scenario, the avoided CO, is
defined and applied across all sites and scenarios in calculated as:
the Results section (see Section 4.3.4).

In the base case (E0), the electricity value is set at CO2P voided = Eac X EF
p = 0.07 USD/kWhand the discount rate at r = 6%.

This case aligns with the assumptions used in Table where, E,c represents the annual AC electricity
5 and the main KPI evaluation. In the moderate case delivered (kWh/m?.year), and EFis the grid
(E1), the electricity value decreases to p = emission factor (kgCO,/kWh). The system boundary
0.05 USD/kWh, while the discount rate increases to includes only operational emissions and does not
r = 8%, reflecting lower revenue and moderately consider embodied emissions from manufacturing,
higher financing costs. In the stress case (E2), the transport, installation, or end-of-life stages, which
electricity value remains at p = 0.05USD/kWh, but are typically addressed in full life-cycle assessments
the discount rate rises further to r = 10%, (Al-Shetwi, 2022; Chenic et al, 2022). The same
representing a higher-risk environment with emission factor is applied across all sites because
stronger discounting effects. grid carbon intensity is treated as a national-level

All other parameters, including capital cost parameter rather than a location-specific value.

(CAPEX), operating cost rate (OPEX), system lifetime These assumptions are summarized in Table 6.

N, degradation, and replacement assumptions are

Table 6: Emissions assumptions

Item NEOM Riyadh Red Sea project AlUla
Grid emission factor,
EF(kgCO, /kWh) 0.62 0.62 0.62 0.62
Accounting boundary Operational only Operational only Operational only Operational only
3 2 5 2 5 2 5 2
€O, metric reported kgCO, avoided per m* per kgCO, avoided per m* per kgCO, avoided per m* per kgCO, avoided per m* per
year year year year
3.7.2. Embodied CO, screening (simplified LCA) power electronics, Al/controls hardware, and
replacement events such as inverter or control-
To complement the operational-only boundary, a system updates.
simplified screening of embodied CO, is included to The total embodied CO, per square meter is
capture the potential importance of material and calculated as:
system-related emissions in building-integrated
ications. Thi o o B N rep .
applications. This screening is intended for fiec151on COpemb ot = Z-(Qf X EFf™ )+ Zk(Qk x EFE™)  (4)
support and does not replace a full life-cycle j

assessment. It estimates embodied emissions for the

main facade and system components and converts where, Q; is the quantity of component jper m? and
them into an annualized value over the project EFjembis its embodied emission factor (kgCO.e per
lifetime. The components considered include glass unit). The second term accounts for replacement
(IGU assembly), framing and integration elements, components over the system lifetime. To allow

PV laminate or transparent PV layer, inverter and
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comparison with annual operational savings, the
embodied CO, is converted into an annual value:

CO2,emb,tot

COZ,emb,ann = N (5)
where, N is the project lifetime in years.

A net CO, benefit indicator is then defined as:
COZ,net = Cogivaided - COZ,emb,ann (6)

A positive value indicates that the emissions
avoided during operation exceed the annualized
embodied emissions, while a negative value suggests
that embodied impacts are greater under the given
assumptions. Table 7 outlines the structure of the
embodied CO, screening inventory, including the
main components and the literature-based emission
factors used. Because these factors can vary
depending on manufacturing processes and data
sources, the results are intended to provide
approximate guidance and are supported by
sensitivity analysis (Section 3.8).

3.8. Sensitivity analysis

A one-factor-at-a-time (OFAT) sensitivity analysis
was used to assess how stable the results remained
when key inputs were uncertain, particularly those
related to harsh-climate losses and financial
assumptions. In this approach, one parameter was
changed at a time while all others were kept
constant, and the resulting variation in outputs was
summarized using tornado-style ranges for the key
indicators used in decision-making (Chen et al,
2021). Sensitivity testing focused on four decision-
relevant outcomes: LCOE (USD/kWh), payback
period (years), ROI (%), and operational avoided CO,
(kgCO,/m?/year).

The base case relied on the parameter set
reported in Table 8, and then selected inputs were
adjusted within ranges intended to reflect realistic
uncertainty for facade-integrated solar under hot-
arid, dust-prone conditions, as well as common
uncertainty in project finance inputs used in
PV/BIPV assessments (Ang et al., 2022; Chen et al,,
2021).

3.9. Statistical analysis

Hourly simulated AC electricity outputs were
aggregated to monthly and annual values and
analyzed using paired, within-site comparisons to
isolate the incremental effect of Al enablement. The
primary comparison was the difference between S3
(Al-enabled transparent PV) and S2 (transparent PV
without Al) for each site across the following
outputs: annual energy yield (kWh/m?/year), LCOE
(USD/kWh), payback period (years), ROI (%), and
operational avoided CO, (kgCO,/m?/year). Al impact
was reported as an absolute change. AX = Xg3 —

Xs,and AX% = Z252 100,

S2
summarized across sites using mean, standard

relative  change
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deviation, and min-max ranges. Sensitivity results
were summarized as the KPI spread between low
and high parameter bounds and ranked by absolute
KPI change to support tornado-plot interpretation.
Given the small number of sites (n = 4), significance
testing was treated as supplementary; when
reported, a paired non-parametric Wilcoxon signed-
rank test compared S3 versus S2 across sites, and p-
values were interpreted cautiously as evidence of
directional consistency rather than population-level
inference.

4., Results and discussion

4.1. Cross-site KPI overview and comparative
summary

4.1.1. Consolidated KPI dashboard (all sites x all
scenarios)

Table 9 summarizes the key performance
indicators (KPIs) for the four locations across the
three scenarios (S1-S3), reported per square meter
of facade. Table 9 reports the base-case scenario set
(S1-S3); maintenance-constrained Al operation
(S3b) results are reported separately in Sections
4.2.4 and 4.3.4 to preserve the comparability of the
main KPI dashboard. Across all sites, S1 (Traditional
PV) produced the highest annual energy output and
showed the strongest economic performance. In
comparison, S2 (transparent PV without Al) resulted
in a substantial drop in electricity generation and,
therefore, less favorable economic outcomes.
However, S3  (Al-enabled transparent PV)
consistently outperformed S2 across all locations.
Annual yield increased by 68.7-77.6 kWh/m?/year
(8.75-9.22%). In addition, LCOE declined by 0.007
USD/kWh (7.37-7.87%), payback time shortened by
1.2-1.3 years (8.05-8.84%), and ROI rose by 0.8-0.9
percentage points (11.76-12.68%). As a result,
avoided operational CO, also increased by 2.1-2.2
kgCO,/m?/year (9.09-9.36%), indicating improved
environmental performance compared with S2.

4.1.2. Cross-site statistical summary of Al impact

Table 10 reports the added effect of enabling Al,
calculated as the difference between S3 and S2 (S3 -
S2), across the four sites for all study KPIs. On
average, the Al layer increased the annual energy
yield by 73.6 + 3.7 kWh/m?/year (range: 68.7 to

77.6), corresponding to a mean relative
improvement of 9.02% #* 0.21%. The economic
outcomes followed the same pattern across
locations.

Specifically, LCOE declined by 0.007 USD/kWh
(mean relative change -7.61% * 0.21%), payback
time decreased by 1.23 + 0.05 years (mean relative
change -8.41% * 0.33%), and ROI rose by 0.88 *
0.05 percentage points (mean relative change
12.28% * 0.40%). In addition, operational avoided
CO, increased by 2.15 * 0.06 kgCO,/m?/year,
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corresponding to a mean relative gain of 9.23% =* across all KPIs (4/4), demonstrating strong
0.11%. All sites showed the same direction of change consistency in the observed impact.

Table 7: Embodied CO, screening inventory (components and literature-based factors) (per m? fagade basis)

Component Quantity l;a51s (per Embodied CO; factor (literature- Included items /notes
m based)
IGU/glass kg/m? (glass mass) kgCO,e/kg glass Glass panes and spacer; treated as IGU assembly
Frame & fagade integration kg/m? (metal mass) kgCOze!(ll<i‘::;lll::1{[r)1um (or Frames, brackets, seals, mounting interfaces
PV laminate / TPV layer per m? module area kgCO,e/m? module (or per W) Transparent PV layer within module
Inverter & power allocated per m? kgCO,e per share Includes replacement at Year 13

electronics

Al/controls hardware allocated per m? kgCO,e per share Sensors, gateway, commur:;;’ﬁg:btil:wces; refresh at Year 10 if

Replacement events event-based matched to component Includes inverter and control-system replacements

This screening extends the environmental assessment beyond operational emissions by estimating annualized embodied CO,. It is intended as a simplified
approach rather than a full life-cycle assessment and is used to calculate a net CO, benefit indicator for comparison purposes

Table 8: Sensitivity inputs and ranges

Parameter Symbol Unit Low Base High
Total CAPEX (per m?) CAPEX USD/m? -25% 1.00x +25%
Annual OPEX rate OPEX % of CAPEX/yr 1.5% 2.0% 3.0%
Discount rate r % 4.0 6.0 10.0
Project lifetime N years 20 25 30
Annual degradation rate (TPV) d %/yr 0.4 0.8 1.2
Average soiling loss (TPV, non-Al) Lsoir % 4 8 12
Al/controls premium (scenario 3) Cay USD/m? 20 35 60
Al effect on soiling (scenario 3 effective loss) Lgoits3 % 4.5 6.0 7.5
Electricity value p USD/kWh 0.05 0.07 0.10
Grid emission factor EF kgCO,/kWh 0.45 0.62 0.80

Table 9: Key performance indicators by location and scenario (per m* facade basis), including uplift from S3 relative to S2

Panel A: Energy and CO, KPIs (per m? facade basis)

Location Yield $1 (kWh/m?2/yr) YieldS2  YieldS3  Aluplift (4, %) (kg/or;zs/lyr) €0, S2 co,s3 A “E/Li)ft @
AlUla 1904.2 8415 919.1  +77.6(9.22%) 53.4 238 260 +2.2 (9.24%)
NEOM 1860.4 820.7 8945  +73.8(8.99%) 523 235 25.7 +2.2 (9.36%)

Red Sea 1821.7 8123 8864  +74.1(9.12%) 51.6 23.1 252 +2.1(9.09%)
Riyadh 1795.1 785.4 854.1  +68.7 (8.75%) 50.8 228 24.9 +2.1(9.21%)

Panel B: Techno-economic KPIs (per m? fagade basis)
loction (JSORSL)weopsz UQE AR T P pasa AR s 0RO A
AlUla 0.043 0.089 0.082 (_'%’% ) 6.8 14.2 13.0 (_g; 1‘52% ) 150 74 83 (1£ 2‘2%)
NEOM 0.045 0.091 0.084 (_'70_2’;’;)) 7.2 145 133 (_8'_ ;g%) 146 72 81 (12"_ (5)'(']9%)
Red Sea 0.046 0.093 0.086 (_"70_';’30;)) 7.6 14.7 13.4 s éf%) 143 71 80 (12"_ 2':%)
Riyadh 0.048 0.095 0.088 (_'70";’70;) ) 7.9 14.9 13.7 (_8" (1)52% ) 139 68 76 (1; (7)'68%)
A and %A were computed as S3 - S2 and (S3 - S2)/S2 x 100, respectively
4.2. Energy performance of transparent BIPV narrowed the performance gap linked to
facades transparency, but did not eliminate it. Even with
these operational gains, S3 remained about 51.3%-
4.2.1. Annual energy yield by scenario and site 52.4% below S1.
Fig. 2 compares the annual energy yield per unit uS1: Traditional PV
fagade area for the three scenarios (S1-S3) across 2000 - = Aenabied Transparent P
NEOM, Riyadh, the Red Sea site, and AlUla. Across all 5 1800 A
locations, the traditional PV option (S1) delivered %1288
the greatest yearly output, ranging from 1795.1 to £ 1200 1
1904.2 kWh/m?/year. This higher yield is mainly = ]
due to the stronger conversion performance of non- 2 600 |
transparent (opaque) modules when they receive B 400 4
the same solar input. In contrast, the transparent PV : 208 ]
case without enhanced control (S2) produced much ; Alula NEOM Red Sea Riyadh
less energy, ranging from 7854 to 8415 SaudiSmart-Clty site
kWh/m?/year. As a result, S2 showed an output Fig. 2: Annual energy yield by scenario across sites
reduction of about 55.4%-56.2% compared with S1,
indicating that improved visibility through the Overall, the findings suggest that better operation
facade comes at a significant energy cost. can recover part of the energy lost in transparent
When enhanced operational control was facade designs; however, the basic balance between
introduced (S3), the annual yield increased to 854.1- letting light through and producing electricity
919.1 kWh/m?/year. Therefore, this improvement continues to limit the total yield.
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Table 10: Cross-site statistical summary of Al effect (S3 vs. S2) for all KPIs

KPI A(S3-S2) mean SD Min Max %A (S3 vs. S2) mean SD Min Max

Annual energy yield (kWh/m?/year) 73.6 3.7 68.7 77.6 9.02 0.21 8.75 9.22
LCOE (USD/kWh) -0.0070 0.0000 -0.0070 -0.0070 -7.61 0.21 -7.87 -7.37

Payback period (years) -1.23 0.05 -1.30 -1.20 -8.41 0.33 -8.84 -8.05

ROI (percentage points) 0.88 0.05 0.80 0.90 12.28 0.40 11.76 12.68
Avoided CO, (kgCO,/m?/year) 2.15 0.06 2.10 2.20 9.23 0.11 9.09 9.36

4.2.2. Incremental energy gains attributable to Al
enablement (S3 vs. S2)

Table 11 summarizes the added annual energy
produced when the Al-enabled transparent fagade
scenario (S3) is compared with the transparent
baseline (S2) across the four Saudi smart-city sites. It
reports the annual facade-normalized yields for S2

and S3, along with the absolute gain (A) and the
percentage increase for each location. Overall, Table
11 shows a consistent improvement in output with
S3, with absolute gains ranging from 68.7 to 77.6
kWh/m?/year and relative increases of 8.75% to
9.22% across NEOM, Riyadh, the Red Sea site, and
AlUla.

Table 11: Al contribution to annual energy yield by site (S3 vs. S2)

Site S2 (kWh/m?/year) $3 (kWh/m?/year) A (S3-S2) (kWh/m?/year) %A (S3 vs. S2)
NEOM 820.7 894.5 73.8 8.99%
Riyadh 785.4 854.1 68.7 8.75%

Red Sea 812.3 886.4 74.1 9.12%
AlUla 841.5 919.1 77.6 9.22%

Fig. 3 separates the added energy benefit of the
S3 approach by directly comparing it with the
transparent reference case (S2). Across NEOM,
Riyadh, the Red Sea site, and AlUla, S3 increased the
facade-normalized annual yield by 68.7 to 77.6
kWh/m?/year. In relative terms, this corresponds to
an improvement of 8.75% to 9.22%, depending on
the site. In addition, the differences in uplift between
locations were small, which indicates that the S3
operating approach provided a broadly consistent
advantage across the range of Saudi climate
conditions considered.

However, the small variations observed across
sites can reasonably be linked to local conditions
that influence both available sunlight and system
losses. For example, differences in temperature-
related performance reduction, dust and soiling
buildup, and the angle at which sunlight strikes the
facade can all affect how much extra energy is
recovered at each location. As a result, even with the
same operating approach, the uplift is expected to
shift slightly from one site to another.

From an operational perspective, the S3
approach mainly functioned as a yield-recovery
measure for transparent facades. It improved the
output of the transparent system compared with S2;
nevertheless, it did not change the overall standing
of transparent PV relative to conventional PV, since
traditional modules still produced substantially
more energy in absolute terms.

4.2.3. Monthly and seasonal behavior
(mechanistic interpretation)

Fig. 4 shows the month-by-month energy-yield
patterns for the transparent fagade scenarios (S2
and S3). Across all sites, production generally
increased from late winter into spring and then
declined during the summer-to-winter transition.
This seasonal behavior aligns with the combined
effects of solar-angle changes throughout the year,
shifts in outdoor temperatures, and dust and
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surface-soiling losses. In addition, the S3 line
remains above S2 in every month, indicating that the
improvement is steady over time rather than
confined to a single season.

10 4

11

NEOM Riyadh Red Sea AlUla

Energy Uplift from Al (%) ,S3 vs S2

Saudi Smart-City site
Fig. 3: Al energy uplift (%A S3 vs. S2) by site

From an operational standpoint, the largest
month-to-month gaps between S3 and S2 occurred
when the baseline output was already high.
Therefore, when conditions supported stronger
generation, better operation, and loss control
translated into a larger amount of energy recovered
per square meter. As a result, the monthly profiles
support the view that S3 improves yield mainly
through ongoing reductions in cumulative losses and
more effective operating decisions throughout the
year.

4.2.4. Maintenance-constrained Al
(S3b)

operation

To reflect practical facade-access limitations for
high-rise buildings, Scenario S3b (maintenance-
constrained Al-enabled transparent PV) is evaluated
as a conservative feasibility case in which the same
transparent PV configuration and Al decision logic as
S3 are retained, but cleaning execution is
constrained by access scheduling and delayed work-
order implementation at height. In simulation terms,
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this constraint reduces the realized loss-recovery
benefit relative to S3 because condition-based
cleaning triggers cannot always be executed at the
optimal time. Consequently, the annual yield uplift in
S3b is lower than in S3 and represents a practical
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lower-bound estimate of the achievable operational
gain under constrained facade maintenance. Table
12 summarizes the resulting annual yields and
quantifies the reduced uplift relative to S2, alongside
the shortfall relative to the unconstrained S3 case.

——&—— NEOM S2 = =&~ — NEOMS3

-® —— RiyadhS2 - —#- — Riyadh S3
e~ —&— AlUlasS2 — -8 - AlUlaS3
Red Sea S2 Red Sea S3

Fig. 4: Monthly energy yield profiles (S2 vs. S3) for each site

Table 12: Maintenance-constrained Al contribution to annual energy yield by site (S3b vs. S2 and S3)

%A (S3b vs.

Site S2 yield (kWh/m?yr)  S3yield (kWh/m?yr)  S3byield (kWh/m?yr)  A(S3b-S2) (kWh/m?yr) $2) A(S3-S3b) (kWh/m?2-yr)
NEOM 820.7 894.5 857.6 36.9 4.50% 36.9
Riyadh 785.4 854.1 819.8 34.4 4.37% 34.4
Red Sea 812.3 886.4 849.4 37.1 4.56% 37.1
AlUla 841.5 919.1 880.3 38.8 4.61% 38.8

A(S3b-S2) is computed as S3b - S2, and %A (S3b vs. S2) is computed as (S3b - S2)/S2 x 100. A(S3-S3b) is computed as S3 - S3b. By construction, S3b falls
between S2 and S3, indicating partial realization of Al-enabled loss recovery under maintenance constraints. The implications of this reduced yield recovery on
LCOE, payback, and ROI are reported in Section 4.3.4 (maintenance-constrained economics)

4.3. Techno-economic outcomes

4.3.1. Levelized cost of electricity (LCOE) across
scenarios and sites

Table 13 summarizes the levelized cost of
electricity (LCOE) for each site under scenarios S1-
S3. It also reports the absolute and percentage
change when moving from the transparent baseline
(S2) to the improved transparent case (S3), which
helps quantify the cost impact of the added
operational improvement.

Table 13: LCOE by location and scenario (per m? facade

basis)
Site LCOE S1 LCOE  LCOE A(S3- %A (S3vs.
(USD/kWh) s2 s3 S2) 52)
AlUla 0.043 0089 0082  -0.007 -7.87%
NEOM 0.045 0091  0.084  -0.007 -7.69%
Red Sea 0.046 0093 0086  -0.007 -7.53%
Riyadh 0.048 0.095  0.088  -0.007 -7.37%

Fig. 5 presents the same LCOE results visually,
making it easier to compare scenario performance
across locations at a glance and to see the consistent
cost reduction from S2 to S3.

Across all sites, S1 delivered the lowest LCOE
(0.043-0.048 USD/kWh), mainly because its higher
annual energy output spreads costs over more
generated electricity. In contrast, S2 recorded the
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highest LCOE (0.089-0.095 USD/kWh) because the
transparent facade produced less energy per m?
while still requiring similar supporting components.
However, S3 reduced LCOE to 0.082-0.088
USD/kWh, representing a consistent improvement of
-0.007 USD/kWh (-7.37% to -7.87%) compared
with S2.

0.1 7

0.08
0.06 1
0.04
0.02 1
0 - T T T

AlUla NEOM Red Sea
SAUDI SMART-CITY SITE

B S1:Traditional PV
mS2:Transparent PV (no Al)

Al-enabled Transparent PV

LOCE (USD/KWH)

Riyadh
Fig. 5: LCOE by scenario and site

The LCOE reduction in S3 was mainly driven by
increased annual energy production, which
improved the energy term used in the LCOE
calculation. Therefore, even though S3 included an
added cost component, that increase was small
relative to the extra electricity produced. As a result,
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relatively small yearly gains can still lead to clear
LCOE improvements when the project lifetime and
discount assumptions remain fixed (Chen et al,
2021).

4.3.2. Payback period and ROI:
attractiveness

Investment

Table 14 compiles the payback period and return
on investment (ROI) for each site under scenarios
S1-S3. In addition to listing the site-specific values,

Table 14 reports the absolute and percentage
changes from the transparent baseline (S2) to the
improved transparent case (S3), helping clarify the
extent to which the added operational improvement
affects financial performance. Fig. 6 and Fig. 7
present the same results in chart form, making it
easier to compare sites and scenarios at a glance. Fig.
6 highlights differences in payback time, while Fig. 7
shows how ROI shifts across locations for each
scenario.

Table 14: Payback and ROI by location and scenario (per m? facade basis)

Site Payback S1 (yr) Payback S2 Payback S3 A(S3-S2) (yr) %A ROI S1 (%) ROI S2 ROI S3 A(S3-S2) (pp) %A
AlUla 6.8 14.2 13.0 -12 -8.45% 15.0 7.4 8.3 +0.9 +12.16%
NEOM 7.2 14.5 133 -1.2 -8.28% 14.6 7.2 8.1 +0.9 +12.50%
Red Sea 7.6 14.7 13.4 -13 -8.84% 143 7.1 8.0 +0.9 +12.68%
Riyadh 7.9 14.9 137 -1.2 -8.05% 139 6.8 7.6 +0.8 +11.76%
® 51 Traditional PV largest absolute ROI gains were observed at AlUla
mS2:Transparent PV (no Al) ; : : : :
o G5l el Transparent PV and NEQM, ahgnlng.wuh their higher annual energy
production and slightly larger output recovery.
14 1 Overall, the financial improvements followed the
712 energy gains more closely than the minor cost
£ differences between sites.
2
L 4.3.3. Economic interpretation for facade
% 61 deployment decisions
>
£ 4
) ] The techno-economic findings point to a clear
trade-off among the scenarios. The transparent
0 - T T T = = =
e NEOM Red Sea Riyadh fa(;a(.ie optlon. (S2) .supports dayhghtmg .and
Saudi Smart-City Site architectural integration; however, it delivers

Fig. 6: Payback period by scenario and site

16 7 ®S1:Traditional PV
BS2: Transpz
14 4 S2: Transparent PV (no Al)
$3: Al-enabled Transparent
12 A PV
10 1
<
— 81
=]
3
6
4 A
2 4
0 - T T T

AlUla NEOM Red Sea

SAUDI SMART-CITY SITE

Riyadh
Fig. 7: ROI by scenario and site

Across all sites, S1 had the strongest investment
profile, with the shortest payback period (6.8-7.9
years) and the highest ROl (13.9%-15.0%). In
contrast, S2 showed the weakest performance, with
payback times of 14.2-14.9 years and an ROI of
6.8%-7.4%. This pattern reflects the reduced
electricity output of the transparent facade
configuration, which slows cost recovery and limits
returns under otherwise comparable project
assumptions.

S3 improved both indicators relative to S2.
Payback decreased to 13.0-13.7 years, which equals
a reduction of about 1.2-1.3 years (-8.05% to
-8.84%), while ROI increased to 7.6%-8.3%,
representing an improvement of +0.8 to +0.9
percentage points (+11.76% to +12.68%). The

97

noticeably lower annual electricity output and
weaker financial results than the traditional PV case
(S1). By comparison, the enhanced transparent
facade option (S3) partly improves this balance by
recovering some of the lost generation through
better operation and reduced losses. As a result, S3
shows stronger cost performance (lower LCOE) and
more attractive investment indicators (shorter
payback and higher ROI) than S2, even though the
transparency-related limit on total output remains in
place.

To support practical facade deployment
decisions, a simple screening check compares the
added upfront premium for the S3 operating layer
with the discounted value of the extra electricity
generated relative to S2. Table 15 summarizes this
comparison using a constant electricity value, a fixed
discount rate, and a defined project lifetime. Under
these assumptions, the present value of the
recovered electricity ranges from about 59 to 67
USD/m?, which is higher than the assumed premium
of 35 USD/m? for every site. Therefore, the added
feature remains financially reasonable as long as its
cost stays below the monetized value of the energy it
helps recover.

Fig. 8 provides a visual version of this break-even
screen by placing the present value of the added
electricity next to the assumed premium for each
site. This presentation clearly shows that the value of
the recovered output remains above the upfront cost
in all cases.
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Table 15: Al premium break-even screen (per m” facade basis)

. 2 Annual value Present value of Assumed Al premium Present value Simple premium
Site AE (kWh/m®/yr) (USD/m?/yr) uplift (USD/m?) (USD/m?) uplift/premium payback (yr)
AlUla 77.6 5.43 67.3 35.0 1.92 6.44
NEOM 73.8 5.17 64.0 35.0 1.83 6.77
Red Sea 74.1 5.19 64.2 35.0 1.83 6.75
Riyadh 68.7 4.81 59.5 35.0 1.70 7.28

same transparent facade design and Al/controls cost
assumptions as S3. However, it assumes that limited
facade access delays or restricts condition-based
cleaning. As a result, the amount of energy recovered

)
60
50 is lower than in S3 (Section 4.2.4). This reduction
40 directly limits the economic benefits that were
30 achieved in S3 through higher electricity output.
20 Table 16 presents the LCOE, discounted payback
12 period, and ROI for S3b. In general, S3b still

mPV of Al energy uplift(USD/m?)

80 ® Assumed Al Premium
(USD/m?
70

USD PER M?

Alula NEOM Red Sea Riyadh performs better than S2, which represents

SAUDI SMART-CITY SITE transparent PV without Al, but it is less effective

- - - than S3 at all sites. Under S3b, LCOE rises to 0.085-
Fig. 8: Present value of uplift versus assumed Al premium 0.092 USD/kWh, payback increases to 13.6-14.3

years, and ROI falls to 7.2%-7.9%. These results
show that maintenance constraints allow only
partial recovery of operational losses rather than the
fuller recovery achieved in S3.

4.3.4. Maintenance-constrained economics (S3b)
and implications for feasibility

Scenario S3b, which represents maintenance-
constrained Al-enabled transparent PV, uses the

Table 16: Maintenance-constrained techno-economic KPIs by site (S3b vs. S2 and S3; per m? facade basis)

Site LCOE S2 (USD/kWh) _ LCOES3 _ LCOES3b _ PaybackS2 (yr) _ PaybackS3 _ PaybackS3b (yr) _ ROIS2 (%) ROIS3 (%) _ ROIS3b (%)
) 9

AlUla 0.089 0.082 0.086 14.2 13.0 13.6 7.4 8.3 7.
NEOM 0.091 0.084 0.088 14.5 13.3 13.9 7.2 8.1 7.7
Red Sea 0.093 0.086 0.090 14.7 13.4 14.1 7.1 8.0 7.6
Riyadh 0.095 0.088 0.092 14.9 13.7 14.3 6.8 7.6 7.2

S3b follows the same investment and 0&M assumptions as S3, but it produces less delivered electricity because maintenance actions are more difficult to
implement. Therefore, its LCOE is higher and its payback period is longer than in S3. The S3b results remain between S2 and S3, consistent with the idea that Al-
enabled monitoring reduces some operational losses, but maintenance work cannot always be completed at the optimal time

The maintenance limitation also changes the techno-economic KPIs were recalculated using the
break-even assessment in Table 15. Since S3b combined “economic realism” cases described in
provides a smaller energy gain than S3, the present Section 3.6.3. These cases, EO to E2, vary the
value of the recovered electricity also decreases. As a electricity value pand discount rate r together to
result, the difference between the present value of represent more conservative tariff and financing
the electricity uplift and the Al premium becomes assumptions than the base case. Table 17 presents
narrower. In the S3b case, the present value of the resulting LCOE, discounted payback period, and
recovered electricity ranges from 29.8 to 33.6 ROI for the transparent facade scenarios (S2 and S3)
USD/m?, depending on the site. This is below the across all sites.
assumed Al/controls premium of 35 USD/m?, giving Across all sites, S3 continues to perform better
present value-uplift-to-premium ratios of around than S2 under the combined realism cases, with
0.85-0.96. Therefore, when maintenance is lower LCOE, shorter payback, and higher ROI.
constrained, particularly at the lower-performing However, the overall financial attractiveness
site, Riyadh, the added Al/controls layer may not be decreases as the electricity value falls and the
financially justified under the base-case electricity discount rate rises. Under E1, payback increases to
value and discounting assumptions. However, it may about 18.7-21.5 years, while ROI declines to around
become feasible if the Al/controls premium 4.6%-5.6%. Under E2, payback increases further to
decreases through scale or better integration, if 19.3-22.1 years, and ROI falls to 4.4-5.4%.
electricity value increases through higher tariffs or Therefore, although S3 remains the stronger option
stronger on-site kWh value, or if access improves in relative terms, facade PV may become less
through robotic or drone cleaning and planned attractive for projects that require shorter payback
facade-maintenance systems that allow performance periods.
closer to S3. The break-even interpretation also becomes

stricter under E2. Since the present value of
4.3.5. Economic realism cases (combined recovered electricity depends on both p and r. The
discount rate and electricity value assumptions) financial value of the S3 improvement over S2 may
fall below the Al/controls premium of about 35

To examine whether the S3 advantage remains USD/m?, especially at the weaker-performing site,

strong under less favorable economic conditions, the Riyadh. As a result, S3 adoption under conservative
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tariff and financing conditions depends on lowering
Al/controls costs, improving realized energy
recovery through feasible maintenance, or

increasing the value assigned to facade-generated
electricity.

Table 17: Economic realism cases (combined assumptions): Techno-economic KPIs for S2 vs. S3 (per m? facade basis)

Site Case p(USD/kWh) r LCOE S2 LCOE S3 Payback S2 Payback S3 ROI S2 ROI S3
AlUla EO (Base) 0.07 6% 0.089 0.082 14.2 13.0 7.4 8.3
AlUla E1 (Moderate) 0.05 8% 0.102 0.094 20.5 18.7 5.0 5.6
AlUla E2 (Stress) 0.05 10% 0.116 0.107 21.1 19.3 4.8 5.4
NEOM EO (Base) 0.07 6% 0.091 0.084 14.5 13.3 7.2 8.1
NEOM E1 (Moderate) 0.05 8% 0.104 0.096 20.9 19.2 49 5.5
NEOM E2 (Stress) 0.05 10% 0.118 0.109 21.5 19.7 4.7 5.3

Red Sea EO (Base) 0.07 6% 0.093 0.086 14.7 13.4 7.1 8.0
Red Sea E1 (Moderate) 0.05 8% 0.107 0.099 21.2 19.3 4.8 5.4
Red Sea E2 (Stress) 0.05 10% 0.121 0.112 21.8 19.9 4.6 5.2
Riyadh EO (Base) 0.07 6% 0.095 0.088 14.9 13.7 6.8 7.6
Riyadh E1 (Moderate) 0.05 8% 0.109 0.101 21.5 19.8 4.6 5.2
Riyadh E2 (Stress) 0.05 10% 0.124 0.114 22.1 20.3 4.4 4.9

LCOE is mainly affected by the discount rate r, while both electricity value influences discounted payback and ROI pand discount rate r. The base case E0 follows
the main KPI assumptions, while E1 and E2 apply the more conservative combined assumptions defined in Section 3.6.3

4.4. Operational CO, avoidance outcomes

4.4.1. Annual avoided CO, by scenario and site
(operational boundary)

Avoided operational CO, was calculated per unit
facade area (kgCO,/m?/year) using an electricity-
displacement boundary only. Under this approach,
avoided emissions increase in direct proportion to
the electricity delivered, assuming a constant grid
carbon-intensity value. Therefore, the indicator
remains comparable across sites and scenarios, and
differences in avoided CO, mainly reflect differences
in net annual energy yield rather than changes in the
emissions factor.

Table 18 summarizes the avoided CO, results by
site and scenario. Overall, the conventional PV case
(S1) produced the largest avoided emissions at every
location, ranging from 50.8 to 53.4 kgCO,/m?/year.
In contrast, the transparent facade baseline (S2)
recorded the lowest  values (22.8-23.8
kgC0O,/m?/year). The improved transparent facade
case (S3) avoided more CO, than S2, reaching 24.9-
26.0 kgCO,/m?/year.

As a result, the additional decarbonization benefit
of S3 compared with S2 was about +2.1 to +2.2
kgCO,/m?/year, equal to a +9.09% to +9.36%
increase, which closely follows the pattern observed
in energy-yield gains.

Table 18: Avoided CO, by location and scenario (operational-only; per m? facade basis)

Site S1 (kgCO,/m?/yr) S2 (kgCO,/m?/yr) S3 (kgCO,/m?/yr) A(S3-S2) (kgCO,/m?/yr) %A (S3 vs. S2)
AlUla 53.4 238 26.0 +2.2 9.24%
NEOM 52.3 23.5 25.7 +2.2 9.36%

Red Sea 51.6 23.1 25.2 +2.1 9.09%
Riyadh 50.8 22.8 24.9 +2.1 9.21%

Fig. 9 presents the same avoided CO, values in
bar form, making the ranking across scenarios
clearer and highlighting the consistent improvement
from S2 to S3 across all sites.

60 1 B S1: Traditional PV

mS2:Transparent PV (no Al)
epabled Transparent PV

30 1

20 1

10 1

AVOIDED €02 (KGCO2/M?/YEAR)

AlUla NEOM Red Sea

SAUDI SMART-CITY SITE

Riyadh

Fig. 9: Avoided CO; by scenario and site

Avoided operational carbon dioxide (CO;)
emissions are calculated by multiplying the amount
of delivered electricity by a fixed grid emission
factor, meaning the results follow a direct linear
relationship with annual energy production.
Therefore, when electricity output changes, avoided
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CO, changes in the same proportion. Under the
maintenance-constrained scenario (S3b), electricity
generation is lower than in the unconstrained Al-
enabled case (S3). As a result, the avoided CO; is also
reduced. Table 19 presents the avoided CO, values
for S3b across different sites, showing that these
results fall between S2 and S3. This pattern reflects
the partial recovery of energy losses when
maintenance actions cannot always be carried out
effectively.

Table 19: Operational avoided CO, under maintenance-
constrained Al operation (S3b) (operational-only; per m?

facade basis)
Site €0, S2 €0, S3 €O, S3b
(kgCO,/m*-yr) (kgCO,/m*-yr) (kgCO/m*yr)
AlUla 238 26.0 24.9
NEOM 235 25.7 24.6
Red Sea 23.1 25.2 24.2
Riyadh 22.8 24.9 238

4.4.2. Practical interpretation for facade-scale
deployment

For fagade-scale planning, reporting avoided CO,
in kgCO,/m?/year provides a straightforward
scaling rule. Within the operational boundary used
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in this study, total annual avoided emissions 1,000 m? of facade area. Using this scaling, S3
increase roughly in proportion to the installed area achieves about 24.9-26.0 tCO,/year per 1,000 m?,
of the transparent facade, because avoided CO, is while S2 reaches about 22.8-23.8 tCO,/year per
directly tied to the amount of electricity delivered 1,000 m?. As a result, the incremental benefit of
under a constant grid carbon-intensity assumption. moving from S2 to S3 is approximately 2.1-2.2

Table 20 converts the per-m? results into a more tCO,/year per 1,000 m? with a similar percentage
practical format by expressing avoided CO, per increase across sites.

Table 20: Avoided CO, scaled to 1,000 m? facade area (tCO,/year)

Site S2 (tCO,/yr per 1,000 m?) $3 (tCO,/yr per 1,000 m?) Uplift (tCO,/yr) %A (S3 vs. S2)
AlUla 238 260 22 9.24%
NEOM 235 25.7 22 9.36%
Red Sea 23.1 25.2 21 9.09%
Riyadh 2238 249 21 9.21%

Fig. 10 shows the same comparison, highlighting equipment, an embodied CO, screening (Section
the additional CO, avoided in S3 relative to S2 per 3.7.2) is included to complement the operational-
1,000 m? of facade. This visual makes it easier to see only avoided CO; results. This screening provides an
that the added benefit remains consistent across the approximate estimate of embodied emissions for key
four sites. facade elements, including IGU/glass units,

structural framing and integration parts, PV laminate
layers, inverter and electronic components, as well

) as Al-related hardware and associated replacements.
These emissions are then converted into an annual

' value over the assumed project lifetime of N =

! 25years. Based on this, a net CO, benefit is calculated

¥ as:

0 T T T

per 1,000 m?
o
e

Incremental avoided

AlUla NEOM Red Sea Riyadh _ op

Saudi Smart-City Site COZ,net - COZ,avoided - COZ,emb,ann
Fig. 10: Incremental avoided CO, (S3 vs. S2) per 1,000 m? For this analysis, the annualized embodied
facade emissions are treated as scenario-dependent but
consistent across sites. Specifically, values of
This  interpretation remains limited to COy emb,ann = 6.4kgCOze/m?-yr are used for Scenario
operational emissions and therefore depends on the S2, while CO2empann = 6.6kgCOe/m?yr are applied
selected grid carbon-intensity factor. If the grid’s to Scenarios S3 and S3b, reflecting the additional
carbon intensity changes, the absolute avoided CO, contribution from Al and control components,
values would rise or fall accordingly; however, the including periodic updates. Table 21 presents the
relative improvement from S2 to S3 would still be resulting net CO, benefits for each site and scenario.
driven mainly by the difference in annual electricity The results show that net CO, benefits remain
output between the two scenarios. positive in all cases under the screening
assumptions. Moreover, the ranking follows the level
4.4.3. Embodied CO, screening and net CO of electricity production, with Scenario S3 achieving
benefit the highest net benefit among transparent facade
options, while Scenario S3b provides a more
Since building-integrated systems can involve conservative  estimate due to maintenance

notable embodied emissions from components such limitations.

as glazing, framing, PV layers, and electronic

Table 21: Net CO,, benefit (operational avoided - annualized embodied) for transparent facade cases (kgC0,/m?-yr)

Site Operational avoided CO, S2 Net CO, S2 Operational avoided CO, S3 Net CO, S3 Operational avoided CO, S3b Net CO, S3b
AlUla 23.8 17.4 26.0 19.4 24.9 18.3
NEOM 23.5 171 25.7 19.1 24.6 18.0

Red Sea 23.1 16.7 25.2 18.6 24.2 17.6
Riyadh 22.8 16.4 24.9 18.3 23.8 17.2

Net CO; values are calculated using COp et = co‘;f’mided — €O emb,ann- The annualized embodied emissions applied in this screening are 6.4 kgCO,e/m?yr for S2

and 6.6 kgCO,e/m?-yr for S3 and S3b over a 25-year lifetime. These values are intended as approximate estimates for decision support rather than a full life-cycle
assessment, and the results may vary depending on assumptions related to material inputs and replacement cycles

4.5. Sensitivity and robustness assessment (OFAT strongly influence the levelized cost of electricity
+ tornado analysis) (LCOE) and payback period for Scenario 3. In this
approach, each parameter was adjusted individually,

4.5.1. Sensitivity results for techno-economic while all other assumptions remained constant. Fig.
indicators 11 summarizes the results using a tornado chart,
where wider bars indicate a larger effect on LCOE

A one-factor-at-a-time (OFAT) sensitivity test relative to the base case. Fig. 11 shows that the
was conducted to identify which inputs most combined cost of transparent PV and facgade
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integration (CAPEX) created the largest change in
LCOE, ranging from -6.2% to +6.4%. The next most
influential factor was the severity of dust and soiling
losses, which shifted LCOE from -5.0% to +5.2%.
The added premium for the operating layer
(software, sensors, computing, and operations) also
had a notable impact, with an LCOE range of -4.0%
to +4.2%. In comparison, heat-related performance
reduction produced a smaller but still meaningful
swing (-3.4% to +3.6%), and the discount rate had a
similar secondary influence (-3.0% to +3.1%).
Routine operation and maintenance (0&M) costs

showed the smallest response among the listed
drivers, with a change in LCOE of about -2.6% to
+2.8%.

Payback period sensitivity followed a similar
pattern. Therefore, installed cost and loss factors
that directly affect delivered electricity—especially
upfront CAPEX and soiling severity—were the main
determinants of investment appeal for Scenario 3. As
a result, improving cost control and reducing
operational losses would have the greatest leverage
in strengthening the financial case for transparent
facade deployment under the tested assumptions.

Tornado Sensitivity for LCOE (Scenario 3)

TPV + integration CAPEX (BIPV cost range)
Dust/soiling loss factor (effective soiling impact)
Al cost premium (software/sensors/compute/ops)
Thermal derating severity (heat impact)

Discount rate / WACC assumption

O&M cost (cleaning + routine maintenance)

Grid emission factor (kg CO, per kWh displaced)

-8 -6

-4

I = Low Case
I = High Cae
[
-2 0 2 4 6 8

Change in LCOE (%) relative to base (scenario 3)

Fig. 11: Tornado plot for LCOE sensitivity (scenario 3)

4.5.2. Sensitivity results for energy and CO,
outcomes

Sensitivity testing showed that annual energy
output was influenced more by environmental loss
processes than by cost-related assumptions. The
greatest changes in fagade-normalized energy yield
were linked to dust and soiling conditions, where
adjusting soiling-loss severity produced a response
of about +6.0%. Heat-related performance reduction
was the next most influential factor, shifting energy
yield by roughly #4.0%. Therefore, the results
confirm that harsh-climate operating conditions
remain the main drivers shaping annual electricity
production for the transparent facade system.

Operational avoided CO, followed a different
pattern. Because avoided emissions were calculated
using a constant grid carbon intensity assumption in

each case, changing the grid emission factor
produced the largest swing in avoided CO,, ranging
from -20% to +20%. In contrast, soiling and heat-
related effects produced smaller secondary changes
(approximately +6% and +4%, respectively), as they
influenced avoided CO, indirectly by altering
delivered electricity rather than the emissions factor
itself. Fig. 12 illustrates this dominance clearly by
showing the grid emission factor as the most
influential parameter in the avoided CO, results.
Across all tested ranges, as illustrated in Fig. 12,
the enhanced transparent facade case (S3)
maintained a consistent energy advantage over the
transparent baseline (S2). As a result, the direction
of the S3 benefit remained stable, even though the
magnitude of the improvement varied with the
severity of losses and the assumptions applied.

Tornado Sensitivity for Operational Avoided CO2 (Scenario 3)

Grid emission factor (kg CO per kWh displace) || S ——

Dust/soiling loss factor (effective soiling impact) | |
Thermal derating severity (heat impact) | |
Discount rate / WACC assumption
O&M cost (cleaning + routine maintenance) M Low Case
Al cost premium (software/sensors/compute/ops) W High Cae
TPV + integration CAPEX (BIPV cost range)
-20 -15 -10 -5 0 5 10 15 20

Change in Avoided CO2 (%) relative to base (scenario 3)

Fig. 12: Tornado plot for avoided CO, sensitivity (scenario 3)
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4.5.3. Probabilistic uncertainty results (Monte
Carlo)

To complement the one-factor-at-a-time (OFAT)
sensitivity analysis, a Monte Carlo uncertainty
analysis was conducted to provide a probabilistic
interpretation of the results. This approach uses the
same parameter ranges defined in Table 8 but
evaluates them simultaneously to reflect realistic
combined uncertainty. In each simulation, key input
variables were randomly sampled, and the
corresponding KPIs were recalculated to assess how
often the Al-enabled scenario (S3) outperforms the
transparent baseline (S2). A total of 50,000
simulations were conducted for each site.

The wuncertain inputs were modeled using
triangular distributions centered on base-case
values, unless otherwise specified. Electricity value
was sampled as p ~ Tri(0.05,0.07,0.10), and the
discount rate as r ~ Tri(0.04,0.06,0.10). The project
lifetime followed a discrete uniform range N ~
Unif{20, ...,30}, while degradation was modeled as
d ~ Tri(0.4%, 0.8%, 1.2%). A multiplier represented
capital cost uncertainty. ~ Tri(0.75,1.00,1.25), and
the OPEX rate as ~ Tri(1.5%,2.0%,3.0%). The
Al/controls cost premium was varied as ~
Tri(20,35,60) USD/m? Soiling-loss assumptions
were also varied using Table 8 ranges, with S2
modeled as Tri(4%,8%,12%) and S3 as
Tri(4.5%, 6%, 7.5%). These variations were applied
by scaling annual energy yields relative to base-case
values.

Two probability-based performance indicators
are reported in Table 22. The first is the probability
that S3 achieves a lower LCOE than S2, expressed as
P(LCOEg; < LCOEg,). The second is the probability
that the present value of the additional electricity
generated by S3 exceeds the Al/controls cost
premium, expressed as P(PV(AE) > Al premium),
consistent with the break-even framework in Table
15. For comparison, the same break-even probability
is also reported for the maintenance-constrained
case (S3b).

Table 22: Monte Carlo probabilities of S3 (and S3b)
favorability relative to S2 (50,000 trials per site)

Site P(LCOEs; P(PV(AEs3-s2) P(PV(AEs3p-s2)
< LCOEg,) > Al premium) > Al premium)
AlUla 64.5% 91.5% 29.7%
NEOM 61.1% 88.9% 25.2%
Red 63.1% 89.3% 25.5%
Sea
Riyadh 57.4% 84.5% 19.4%

As shown in Table 22, S3 remains more cost-
effective than S2 in most cases when evaluated using
LCOE, with probabilities ranging from 57.4% to
64.5%. This indicates that uncertainty in factors such
as Al cost and achievable soiling-loss reduction can
sometimes reduce the advantage of S3. However,
when evaluated using the break-even criterion based
on the value of recovered electricity, S3 performs
more strongly, with favorable outcomes in 84.5% to
91.5% of simulations, which is consistent with the
deterministic findings in Table 15.
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In contrast, Table 22 also shows that the
maintenance-constrained scenario (S3b) has much
lower probabilities of meeting the break-even
condition, ranging from 19.4% to 29.7%. This
demonstrates that limitations in executing
maintenance actions significantly reduce the
likelihood that the additional electricity generated
can justify the Al/controls cost. Overall, these results
confirm that S3 feasibility depends not only on
average performance improvements but also on
uncertainties in electricity value, discount rate, Al
cost, and achievable soiling-loss reduction, while S3b
provides a conservative lower-bound case under
constrained maintenance conditions.

4.6. Synthesis for Saudi smart-city deployment
4.6.1. Site suitability insights and decision rules

Results were consistent across sites: S1 achieved
the highest energy output and best economics; S2
showed a significant performance drop; and S3
reliably improved fagade performance relative to S2,
with an energy yield gain of ~8.75%-9.22%.
Therefore, S3 reduced LCOE and shortened payback
compared with S2, making it the stronger facade
option when facades are part of the design.

S1 should be the default choice wherever roofs or
dedicated PV areas are available, as it consistently
outperforms transparent facades across yield and
cost metrics. However, transparent facade PV
remains useful as an added layer when roof PV is
constrained by urban form or when daylighting and
architectural value are priorities. In these cases, S3
should be chosen over S2 when maintenance access
allows the condition-based actions to be executed in
practice; otherwise, S3b provides a more realistic
lower-bound estimate of the achievable uplift under
facade-access constraints, while still improving
performance relative to S2.

S3 is most justified when operational losses are
expected to be significant or difficult to manage,
especially when facade access constraints are
maintenance-related. A practical procurement rule is
to adopt S3 only when the discounted value of the
extra electricity from the S3-S2 uplift exceeds the
added controls/Al cost under the project’s tariff and
discount rate assumptions. As a result, a hybrid
district strategy is recommended: deploy S1 for bulk,
low-cost supply on roofs/fields, and use S3 on
facades to add urban generation and strengthen
visibility and ESG reporting per m? of envelope.
Where facade access limits cleaning frequency or
delays work-order execution, feasibility screening
should use S3b (maintenance-constrained)
performance as the conservative basis for
procurement decisions, or include robotic/drone
cleaning options if frequent condition-based cleaning
is required.

Site signals aligned with this logic. AlUla
presented the strongest case for S3, with the best
yield and economics and the largest uplift, followed
by NEOM, with high yield and strong financial



Alhndawi et al/International Journal of Advanced and Applied Sciences, 13(8) 2026, Pages: 83-107

results. The Red Sea site supported S3 but required
strict monitoring and maintenance planning, while
Riyadh showed the weakest performance and
smallest uplift, meaning S3 should be used
selectively there when facade value or roof
constraints clearly justify it.

4.6.2. Planning
stakeholders

implications for smart-city

Facade teams can justify transparent BIPV when

transparency, daylighting, or iconic design is
essential; however, planning for S3-ready
integration—monitoring routes, access, and

maintainability—helps achieve expected yield and
CO; reduction goals. Energy planners should treat S3
facades as a predictable, incremental resource that
improves facade yield and reduces CO, by about 9%
compared to S2, while still relying on S1 for most
least-cost electricity.

For developers and investors, S3 consistently
improved feasibility relative to S2 by lowering LCOE
(~7.4%-7.9%) and shortening payback (~8.1%-
8.8%); therefore, adoption depends on whether the
value of recovered energy under project financial
assumptions outweighs the added controls' cost.
0&M teams should focus on soiling control and
thermal-loss awareness as primary drivers of
delivered kWh, while continuous monitoring and
condition-based action reduce the risk of long,
hidden losses on hard-to-access facades.

5. Discussion

This study examined how transparent building-
integrated PV (BIPV) facades performed across
representative Saudi smart-city locations in terms of
energy output, cost, and carbon benefits. It also
measured how adding an automated analytics-and-
control layer changed results compared with a
transparent facade run without that layer. Rather
than re-establishing the well-known transparency-
efficiency trade-off, the discussion focuses on what
can be recovered operationally—i.e., the portion of
the performance gap attributable to avoidable losses
(particularly soiling and maintenance delays) that
can be reduced through monitoring, decision rules,
and timely interventions. Consistent with prior
work, transparent PV output remains constrained by
the light-power compromise: higher visible-light
transmission leaves less usable irradiance for
electricity generation, which explains why S2 and S3
produce lower annual energy than conventional PV
(S1) even when operations improve (Huang and
Markides, 2021; Katepalli et al., 2023).

Across all sites, transparent facades generated
less electricity than conventional PV, which matches
the wider literature showing that transparent
devices often prioritize appearance and daylighting
over conversion efficiency (Gupta et al, 2021).
However, the enhanced-operation case delivered a
consistent gain of about 9% compared with the
transparent case without it, indicating that a
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measurable share of the annual shortfall is
operational rather than purely material-limited. In
this study, the Al-enabled layer is interpreted as an
operational decision-support mechanism
(performance estimation, deviation detection, event
screening, and condition-based action) that
primarily targets loss recovery rather than changing
device physics. This aligns with broader research
indicating that data-driven operations can improve
renewable energy systems by enabling better
planning, earlier fault detection, and more timely
maintenance, especially under changing or harsh
conditions (Abisoye et al., 2024; Arévalo and Jurado,
2024; Bennagi et al,, 2024). Accordingly, the main
contribution is the cross-site quantification of this
recoverable component under a consistent per-m?
facade functional unit, alongside decision-relevant
implications for feasibility under harsh-climate
losses and practical maintenance constraints. When
facade access limits cleaning frequency or delays
work-order execution, the realized benefit of Al-
enabled operation may be closer to the maintenance-
constrained case (S3b) than to the fully responsive
case (S3). Accordingly, S3 results should be
interpreted as an achievable target under timely
condition-based interventions, @ whereas S3b
provides a conservative lower-bound estimate of the
operational uplift when high-rise maintenance
logistics constrain response intervals.

In addition, the relatively small variation in uplift
between locations implies that the modeled
operating improvements—reducing losses and
acting sooner—held up across different Saudi
settings. Conceptually, this makes sense because
such methods primarily reduce controllable or
partially controllable losses, such as preventable
downtime, suboptimal operating settings, and slow
maintenance response times. Therefore, they
improve delivered output without altering the
fundamental efficiency ceiling set by the transparent
PV layer itself (Boza and Evgeniou, 2021). This
interpretation is consistent with the explicit Al
workflow described in Section 3.4 (inputs — clean-
power estimator —  soiling indicator -
threshold/persistence + event screening — feasible
action scheduling), which frames Al as operational
logic rather than a change in PV conversion physics.

From an investment standpoint, transparent
facades (S2) did not match conventional PV (S1) in
terms of cost per unit of electricity, as expected
when energy yield falls but integration and balance-
of-system costs remain substantial. This challenge is
widely reported for BIPV and other advanced PV
products, and the chosen boundaries and
assumptions often influence it in the economic
analysis (Chen et al, 2021). Even so, the added
operational layer improved feasibility in the right
direction: compared with S2, it lowered LCOE and
shortened payback, despite adding a cost for the
digital layer. The main reason was simple: higher
lifetime kWh reduced LCOE, while the extra cost
changed total lifetime cost by a smaller proportion.
As a result, operational gains can create outsized
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economic benefits when limited energy production is
the main bottleneck (Chen et al., 2021). However, the
maintenance-constrained economics (S3b)
demonstrate that this benefit is conditional: when
cleaning execution is delayed or limited, the
recovered kWh (and thus the economic
improvement) shrinks, and the break-even margin
relative to the Al/controls premium can narrow
substantially.

The findings also align with a practical
purchasing perspective tied to how new technologies
evolve: as supporting tools mature, their added cost
can decline while their operational value remains,
improving affordability over time (Elia et al.,, 2021).
This matters for Saudi smart-city programs because
adoption choices are often made across a portfolio of
options. Conventional PV typically remains the
lowest-cost supply choice, while fagade PV may still
be selected for design, land-use, or district-planning
reasons, provided its added cost per delivered kWh
and per avoided CO, is acceptable (Al-Saidi, 2022;
Islam and Ali, 2024). Importantly, the combined
“economic realism” cases (joint variation of
electricity value and discount rate) show that while
S3 remains directionally better than S2, absolute
attractiveness can weaken under conservative
financing and tariff/value conditions, extending
payback and reducing ROI; therefore, the feasibility
claim should be interpreted as conditional rather
than universal.

Setting operational CO, benefits to scale directly
with delivered electricity yielded two key takeaways.
First, the performance uplift translated almost
directly into additional avoided CO, when a fixed
grid emission factor was used, making carbon
reporting straightforward and repeatable for
operational accounting (Chenic et al., 2022). Second,
the avoided CO, levels depended strongly on the
chosen emission factor and, therefore, on how
quickly the wider power system is decarbonizing.
This dependence is expected when focusing only on
operational impacts, and it aligns with how many
energy-system studies frame decarbonization
pathways.

To address the limitation of operational-only
accounting for building-integrated systems, the
study also reports a simplified embodied-CO,
screening and a net CO, benefit indicator
(operational avoided CO, minus annualized
embodied CO;). This screening-level extension does
not replace a full ISO life-cycle assessment, but it
provides a decision-support check on whether
operational displacement remains positive after
accounting for major facade-material and electronics
contributions. Under the screening assumptions, net
CO, remains positive across sites and transparent-
facade cases, and the ranking follows delivered
electricity (S3 > S3b > S2), reinforcing that
operational yield recovery translates into both
higher operational avoided CO, and improved net
benefit when embodied burdens are annualized over
the project lifetime.
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The sensitivity analysis added practical insight by
showing that LCOE and payback responded most to
installed cost and to harsh-climate loss drivers,
especially soiling losses and, to a lesser extent, heat-
related output reduction. This ordering aligns with
PV challenges in dusty regions and underscores the
importance of anti-soiling measures, cleaning
logistics, and ongoing performance checks (Al-
Shetwi, 2022; Cherupurakal et al., 2021). For CO,
outcomes, the grid emission factor had the strongest
influence, underscoring that operational carbon
results depend partly on the power system, not
solely on PV technology. Complementing the OFAT
results, the Monte Carlo wuncertainty analysis
provides a likelihood-based view: under joint
parameter uncertainty, S3 remains favorable relative
to S2 in a majority of trials, but feasibility likelihood
decreases when Al premium increases, electricity
value decreases, discounting increases, or realized
loss-recovery is constrained (as represented by S3b).

A further implication is that the value of
automated decision support should be judged
alongside operational and maintenance practicality.
When monitoring and guidance are improved, the
risk of prolonged underperformance—caused by
hard-to-access maintenance or unnoticed
degradation—can be reduced, particularly in high-
rise smart-city districts. As a result, this system-level
view aligns with smart-city energy management
work that emphasizes connected sensing, analysis,
and operations rather than focusing solely on the
device (Ali et al.,, 2023; Kim et al,, 2021). In addition,
the strengthened literature-based validation
(including a facade-relevant benchmark for loss
magnitude) increases confidence that the modeled
derating mechanisms are plausible for vertical BIPV
exposure, while still recognizing that monitored
facade-scale datasets are required for full empirical
validation.

For planners, the results point toward a mixed
approach: use conventional PV (S1) as the main
energy source where it can be installed easily, and
use transparent facades with enhanced operation
(S3) as a supporting resource in dense districts
where building form and design constraints make
fagades attractive. This direction aligns with smart-
city sustainability frameworks that consider multiple
goals—energy, carbon, function, and governance—
rather than optimizing a single measure (Almihat et
al, 2022; Deeb et al, 2024). For designers and
developers, the decision rule is also straightforward:
S3 is the better choice than S2 when the extra
recovered electricity is worth more than the added
digital cost under the project’s tariff and financing
assumptions, and when limited access makes
condition-based action especially valuable (Chen et
al, 2021). Where facade access constraints are
expected to delay or limit cleaning execution,
feasibility screening should adopt the conservative
S3b case (or comparable access-constrained
assumptions), and economic realism conditions
should be checked explicitly because high
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discounting and low electricity value can tighten or
eliminate the break-even margin.

Finally, the study wused simulation-based
performance estimates and modeled operating
losses, so the absolute KPI values still depend on
assumptions such as soiling levels, cleaning
effectiveness, tariffs, and emission factors. More
generally, data quality and local specificity remain
common constraints in data-driven energy
operations, especially when methods are transferred
across climates, sensor configurations, and operating
practices (Abisoye et al., 2024; Bennagi et al., 2024).
Therefore, on-site validation at facade scale—
particularly for soiling behavior and maintenance
access—would improve confidence in wider use. In
addition, extending the environmental scope to full
life-cycle  boundaries would allow clearer
comparison against embodied-carbon trade-offs in
facade construction systems (Al-Shetwi, 2022;
Chenic et al, 2022). While the embodied-carbon
component reported here improves completeness
relative to operational-only reporting, it remains a
simplified screening; future work should refine
component inventories, supplier-specific factors, and
replacement modeling to strengthen net CO,
comparisons for procurement-grade decisions.

6. Conclusions

This study evaluated transparent BIPV facades at
representative locations in Saudi smart cities using
three cases: conventional PV, transparent PV without
Al, and Al-enabled transparent PV. Across all sites,
conventional PV repeatedly produced the highest
energy output and the best technical and financial
results. Therefore, when rooftops or dedicated PV
areas are available, it remains the most cost-effective
option for delivering electricity.

Transparent fagcade PV without Al showed a
noticeable drop in performance compared with
conventional PV, and this lower output led to weaker
results when costs were measured against electricity
produced. As a result, transparent BIPV facades are
better framed as an added layer of urban electricity
generation that makes sense when facades must be
used for architectural goals, daylight access, or land-
use limitations, rather than as a one-to-one
replacement for conventional PV.

Adding Al improved transparent facade
performance compared with the transparent
baseline without Al and delivered steady gains
across sites in energy delivery, key technical and
financial indicators, and operational avoided CO,.
These results suggest that some of the
underperformance of transparent fagades can be
reduced through stronger monitoring, better
operation informed by forecasts, and clearer
maintenance decision support. However, the
fundamental limit created by the transparency-
efficiency trade-off remains. In addition, S3 results
represent an achievable target under responsive
maintenance; S3b represents a conservative case
under facade-access constraints that may delay or
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limit condition-based interventions. Accordingly, the
magnitude of realized uplift should be interpreted as
conditional on the feasibility of executing condition-
based actions (especially cleaning) at facade height.
The sensitivity analysis found that the strength of
the economic case depended mainly on installed cost
assumptions and harsh-climate loss factors,
especially losses linked to soiling. Meanwhile,
operational avoided the assumed grid emission
factor strongly shaped the CO, results. Therefore,
whether deployment is feasible depends not only on
the chosen technology but also on realistic
operations and maintenance planning and clear
reporting of the financial and emissions assumptions
used. Under the combined economic realism cases
(joint variation of electricity value and discount
rate), S3 remains directionally better than S2, but
absolute attractiveness weakens as electricity value
decreases and discounting increases; thus,
payback/ROI thresholds for adoption should be
evaluated under project-specific tariff and financing
conditions rather than assumed to hold universally.
Monte Carlo uncertainty results further reinforce
this point by quantifying that S3 is favorable relative
to S2 in a majority of trials under defined
uncertainty ranges, while feasibility likelihood
declines when Al premium is higher, electricity value
is lower, discounting is higher, or maintenance
execution is constrained (as represented by S3b).
Overall, the findings support a mixed smart-city
approach: prioritize conventional PV for most
energy supply and use, and deploy Al-enabled,
transparent fagcades that provide added functional
value and whose extra operational benefits are
sufficient to justify the added system complexity. In
practical high-rise applications, procurement and
feasibility screening should interpret S3 as the best-
case outcome under timely maintenance execution
and use S3b as a lower-bound estimate when fagade
access limits cleaning frequency or delays work-
order completion. From an environmental-reporting
perspective, operational avoided CO, remains useful
for near-term displacement accounting; however,
the addition of an embodied-CO, screening and net
CO, indicator provides a more complete
interpretation for BIPV, and net-benefit conclusions
should reference this screening-level adjustment
when embodied impacts are material. Future work
should focus on real-world fagade-scale validation, a
better understanding of soiling, and the practicality
of maintenance at height, and on expanding
environmental assessment beyond operational
boundaries when reporting frameworks require it.
Future work should also refine embodied
inventories (supplier-specific factors and
replacement modeling) and extend probabilistic
analyses as additional monitored facade datasets
become available to constrain uncertainty for
procurement-grade decisions better.

List of abbreviations

AC Alternating current
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Al Artificial intelligence

BAPV  Building-applied photovoltaics
BIPV Building-integrated photovoltaics
CAPEX Capital expenditure

CI Cleaning interval

DC Direct current

DHI Diffuse horizontal irradiance

DNI Direct normal irradiance

EF Emission factor

ESG Environmental, social, and governance
GHI Global horizontal irradiance

IGU Insulated glazing unit

ISO International Organization for Standardization
KPI Key performance indicator

LCA Life-cycle assessment

LCOE Levelized cost of electricity

NOCT  Nominal operating cell temperature
0&M Operation and maintenance
OFAT  One-factor-at-a-time

OPEX  Operating expenditure

POA Plane-of-array irradiance

PR Performance ratio

PV Photovoltaic(s)

ROI Return on investment

SD Standard deviation

STC Standard test conditions

TMY Typical meteorological year

TPV Transparent photovoltaic

uv Ultraviolet

VLT Visible light transmittance
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