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ARTICLE INFO ABSTRACT

Keywords: Building-integrated photovoltaics (BIPV) are central to energy-efficient buildings, yet forecasting irradiance and
Building-integrated photovoltaics power with operational practicality remains challenging. This review analyzes 70 studies on machine learning
Energy approaches for BIPV forecasting and organizes the literature by task and deployment needs. For irradiance

Machine learning
Power output prediction
Solar irradiance prediction

forecasting, the survey catalogs common contexts (facade/roof, sky/season, urban geometry), input modalities
(telemetry, weather, imagery), model families, and frequently reported error metrics. For power forecasting,
horizons from intra-hour to seasonal are compared, distinguishing direct power modeling from approaches that
incorporate irradiance estimates. Beyond accuracy, the review examines feasibility and robustness, which
determine field viability—namely, latency and memory budgets for edge versus cloud execution, sensitivity to
outdoor variability, and risks to generalization across sites and seasons. The review concludes with recom-
mended directions focused on implementable next steps, including shared data/metadata conventions for
comparability, methods that can be transferred across buildings and seasons, interpretable operations for
building-level decision workflows, and pipelines designed for edge execution. The resulting map of models,
inputs, and constraints enables readers to match techniques to forecasting tasks and operational contexts.

Abbreviation (continued)
SHapley Additive exPlanations (SHAP)
artificial intelligence (AI) support vector machines (SVM)
artificial neural networks (ANN) support vector regression (SVR)

building-integrated photovoltaics (BIPV)
convolutional neural networks (CNN)
Gaussian process regression (GPR)
linear regression (LR)

Local Interpretable Model-agnostic Explanations (LIME) 1. Introduction
long short-term memory (LSTM)
ML (ML)

photovoltaic (PV)

random forests (RF)

The building sector is responsible for approximately 40 % of global
energy use and has emerged as a strategic target for integrating

recurrent neural networks (RNN) renewable energy solutions (Nejat et al., 2015). Solar energy is har-
research question (RQ) nessed using various types of solar cells, including silicon, thin-film,
root mean square error (RMSE) dye-sensitized solar cells, perovskite, and building-integrated photo-

(continuied on next column) voltaics (BIPV) (Mahalingam et al., 2025a, 2025b, 2025¢). Among these,
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BIPV stands out as a dual-function innovation, replacing traditional
building materials in the envelope (such as roofs, facades, and windows)
while simultaneously generating electricity (Bonomo et al., 2024). By
merging aesthetics, utility, and sustainability, BIPV systems contribute
to the development of zero energy buildings and urban decarbonization.

Unlike conventional photovoltaic (PV) systems mounted on open
land or rooftops, BIPV installations are subjected to complex and dy-
namic urban conditions, including partial shading, variable tilt angles,
facade orientations, and microclimate variability (Wang et al., 2023).
These conditions introduce significant challenges to accurately pre-
dicting solar irradiance and the resulting power output, which are
critical inputs for system design, performance evaluation, and grid
integration (Liu et al., 2021). Traditional prediction methods, including
physical modeling (clear-sky models, radiative transfer simulations) and
statistical regression approaches, often fall short in capturing the
nonlinear, time-dependent behavior of solar irradiance and PV output,
particularly in BIPV contexts with irregular and less-than-ideal panel
placement (Diagne et al., 2013). In this landscape, ML (ML) offers
powerful data-driven alternatives. These models can learn complex
mappings from historical meteorological, temporal, and environmental
data to accurately estimate target variables such as solar irradiance and
power output. Algorithms like artificial neural networks (ANN), support
vector machines (SVM), random forests (RF), and long short-term
memory (LSTM) networks have demonstrated remarkable perfor-
mance in time-series prediction tasks, often outperforming classical
methods in terms of root mean square error (RMSE), mean absolute
percentage error, and other forecasting metrics (Wazirali et al., 2023).

ML techniques not only enhance short-term forecasts but also facil-
itate better long-term system planning, design optimization, and energy
management in smart building environments (Song et al., 2025; Nourani
et al., 2025). Although a considerable body of literature explores ML in
general PV systems, a focused synthesis on its applications for solar
irradiance and power output prediction in BIPV systems remains lack-
ing. This is a crucial gap, as BIPV systems present unique forecasting
challenges due to several factors, including highly variable and
building-specific solar access, intermittent shading from surrounding
structures, and non-uniform irradiance profiles on architectural sur-
faces, as well as lower data availability compared to large-scale solar
farms.

Thus, an in-depth review is necessary to consolidate findings, high-
light the algorithm’s strengths and weaknesses, and assess model per-
formance, computational feasibility, and data requirements specific to
BIPV environments. This review aims to provide a comprehensive and
comparative analysis of ML algorithms used for: (a) predicting solar
irradiance on BIPV-integrated surfaces, and (b) forecasting BIPV power
output under varying real-world urban and building-integrated condi-
tions. This review makes the following key contributions.

o It systematically synthesizes over 70 recent studies on ML methods
for solar irradiance and BIPV power output prediction.

e It critically examines the gaps in current research, including chal-
lenges related to model overfitting, interpretability, data availability,
and the feasibility of real-time deployment.

e It proposes a functional classification of ML approaches based on
data characteristics and operational requirements in BIPV systems.

Accordingly, we pose four research questions (RQ): RQ1 (Irradiance
forecasting): Which ML approaches and input features yield the most
reliable BIPV solar-irradiance predictions across facades/roofs and sky/
season conditions? RQ2 (Power-output forecasting): Across relevant
time horizons (intra-hour to seasonal), which model families and feature
sets most reliably predict BIPV power output, and under what data/
operational constraints? RQ3 (Feasibility & robustness): What accu-
racy-latency-resource trade-offs and robustness factors (outdoor-con-
dition variability, overfitting/generalizability) determine suitability for
real-time/edge deployment? RQ4 (Recommended directions): What

Engineering Applications of Artificial Intelligence 163 (2026) 113115

cross-cutting priorities (datasets/standardization, transferability, inter-
pretability) should guide research and practice? To orient the reader,
Sections 2 and 3 introduce BIPV and ML, respectively. Section 4.1 ad-
dresses RQ1; Section 4.2, RQ2; Sections 4.3-4.5, RQ3; Section 5, RQ4;
Section 6 concludes. Fig. 1 summarizes how this review is organized
around four research questions focused on BIPV-enabled, energy-effi-
cient building systems integrated with ML. The architecture is a left-to-
right sequence: (1) Irradiance forecasting — (2) Power-output fore-
casting — (3) Feasibility & robustness — (4) Recommended directions.
Each arrow denotes how evidence and insights flow from one question to
the next, and each block maps to a dedicated section of the paper.

2. Recent developments of BIPV

A BIPV system is an effective technique for reducing building energy
consumption, as it utilizes the building envelope to collect solar energy
or radiation and generate both thermal and electrical energy (Yang and
Athienitis, 2016). Integrating photovoltaic cells within solar devices is a
promising method for generating power and reducing building cooling
demands (Pillai et al., 2022; Yu et al., 2021). Besides generating
renewable energy, BIPV also addresses the issue of rising CO, emissions
and global warming. The International Energy Agency report also stated
that the construction and building industry contributes the most to total
energy usage or consumption. These two industries contributed to a total
of 36 % of total energy consumption. Apart from that, these two in-
dustries also account for 39 % of energy-related CO, emissions (I.E.A.
and the U.N.E.P, 2019). This layer’s presence prevents the Earth from
cooling and causes an increase in global temperatures (Ahmed Ali et al.,
2020).

2.1. BIPV research advancements

The BIPV industry has witnessed numerous research advancements,
which have ultimately led to the development of new technologies and
products. Three generations of advancements in photovoltaic technol-
ogies are used to create BIPV modules. The three generations are opaque
silicon, followed by transparent thin films, semitransparent, and the
developing third generation. The third generation is broad, not fully
developed, and still being studied and investigated (Peng et al., 2011).
The third generation consists of perovskite, organic PV, and
dye-sensitized solar cells (Pillai et al., 2022; El Chaar et al., 2011; Acciari
et al., 2019). The technological design options for BIPV development
have been growing excellently in improving performance (Kuhn et al.,
2021). Generally, high-efficiency BIPVs are expensive due to high en-
ergy and labor requirements. Monocrystalline PV is an example of the
first generation, accounting for approximately 80 % of the BIPV market.
It will remain the industry controller until a PV technology that is more
effective and affordable is produced (Reddy et al., 2020). Polycrystalline
PV is an effort to lower costs and increase production in the photovoltaic
industry. This technology is becoming more appealing due to its lower
manufacturing cost, even though its efficiency is slightly less than that of
mono-crystalline by about 15 % (Manna and Mahajan, 2007). The
benefit of switching from Monocrystalline and polycrystalline in the
fabrication of crystalline solar cells is to reduce defects caused by metal
contamination and crystal structure issues (Reddy et al., 2020; Manna
and Mahajan, 2007). Compared to crystalline silicon cells, thin film
technology, part of the second generation of BIPV technology, is a
promising choice for reducing PV array costs by lowering material and
manufacturing costs without compromising the cells’ lifetime or posing
any environmental risks. However, the efficiency of second-generation
technology is lower (6-10 %) than that of first-generation crystalline
silicon (10-19 %) (Roy et al., 2020).

Regarding BIPV applications, there are two primary areas of appli-
cation: the roof and facades (Pillai et al., 2022; Reddy et al., 2020). BIPV
modules installed on building roofs must also provide essential building
envelope features, including durability, wind resistance, water
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Fig. 1. Review architecture aligned with research questions (RQ).

resistance, and sound acoustic dampening (S.E.A.C.T. Netherland,
2017). The building skin is evolving from a passive barrier to a
perceptive, active, and adaptive layer in response to the growing de-
mand for zero energy buildings. In terms of industry, market, and public
awareness, BIPV is experiencing significant expansion. The versatility of
PV is increasingly acknowledged as a prerequisite that gradually en-
courages the creation of building and product systems (S.E.A.C.T.
Netherland, 2015). Thus, the development of energy-efficient buildings
and the forthcoming zero energy building criteria necessitate the use of
BIPVs on facade components, in addition to roof-integrated BIPVs (Pillai
et al., 2022; S.E.A.C.T. Netherland, 2015). Thin-film technologies are
commonly used due to their adaptability and controllable transparency.
To accommodate various functional objectives, a range of roof types,
including skylights, cold roofs, canopies, and prefabricated multifunc-
tional roofs, as well as facade applications such as curtain-wall facades,
rain-screen facades, prefabricated multifunctional facades, accessories,
and double-skin facades, have been commercialized (Biyik et al., 2017).
The standard roof system has well-established applications and is easily
handled and efficient. However, the BIPV system has limited aesthetic
value due to its visibility (Shukla et al., 2017). With these recent de-
velopments, there are also numerous customization options, such as
wafers, transparent BIPV modules, and modules featuring colored glass.
As a result, a significant improvement in building aesthetics is expected
to accelerate the deployment of BIPV systems in the coming years (S.E.A.
C.T. Netherland, 2017; S.E.A.C.T. Netherland, 2015).

2.2. Global BIPV market outlook

As the years passed, the two primary sources of renewable energy
generation worldwide have been solar photovoltaic and wind energy.
According to the most recent International Energy Agency market
forecast, distributed power generation, which includes BIPV technolo-
gies, will account for almost 40 % of the increase in global solar energy
capacity between 2030 and 2050, when it is expected to be six to
eighteen times greater (2840 GWp by 2030 and 8519 GWp by 2050) (I.E.
Agency, 2020). BIPV is therefore anticipated to expand rapidly as
utility-scale projects develop, driven by improved energy trans-
formation regulations and government support programs
(Building-integrated-photovoltaics-BIPV market). Thus, BIPV remains a
promising sector due to its contributions to the PV and building and
construction industries. European countries, such as Switzerland, Ger-
many, Spain, and many others, have been the primary market stake-
holders, as these countries have a vast and expansive share of the global
BIPV market, along with Japan. However, the USA and other Asian
countries, such as Japan and Korea, are gathering momentum to

embrace BIPV, drastically changing the statistics due to recent techno-
logical improvements.

Fig. 2 highlights the regional disparity in BIPV market penetration
and technological adoption. For instance, thin-film BIPV is more prev-
alent in regions such as Japan and Germany due to their established
supply chains and flexibility in integration. In contrast, crystalline sili-
con technologies dominate the United States and Chinese markets,
where efficiency and cost competitiveness are key drivers. Limited
adoption in regions such as Africa and South America can be attributed
to a lack of financing mechanisms, weak policy incentives, and limited
awareness of the benefits of BIPV. This geographic divergence reflects
both technical and economic barriers, including inadequate net meter-
ing policies, the absence of building code mandates for PV integration,
and high upfront costs. Market trends indicate an increasing hybridi-
zation of smart building technologies and the expansion of retrofitting
solutions in mature markets.

2.3. BIPV outdoor test

To overcome environmental challenges as well as structural chal-
lenges without losing energy production or generation, BIPV integration
should ideally start with planning (Pillai et al., 2022). In this respect, the
development of reliable, efficient, and safe products is aided by the
outdoor testing of BIPV systems (Wan et al., 2015; Test bed for building
integrated). Additionally, accurate scale BIPV testbeds help evaluate
various mounting system solutions and comprehend the dangers and
risks associated with the installation (Pelle et al., 2020). Test bedding is
beneficial in optimizing material and production costs, reducing the risk
of damage, and confirming the product’s reliability and viability before
making a significant investment (Wan et al., 2015). Furthermore, test-
beds could demonstrate to various parties and stakeholders the novel
and practical aesthetic and technical capabilities of BIPV systems,
boosting consumer confidence in blending aesthetics, commercial reach,
and financial viability (Pelle et al., 2020). Therefore, prior testing, such
as test bedding before implementation, is essential and viable. However,
overall system performance may not be accurate because specific crucial
parameters must be investigated and assessed over a prolonged period.
As a result, many BIPV systems are tested outside after installation and
used as functional testbeds, which is a more practical and realistic
method.

Additionally, a data-collecting system for long-term performance
monitoring is an inherent requirement for such testbeds. Fig. 3 shows
the chart of installed capacity and installed area of BIPV technologies in
test bed locations across various countries. The figure shows that most
test-bedding is located in Korea, and BIPV technology is used on the
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Fig. 3. BIPV technologies-applications with installed capacity and installed area (Pola et al., 2007; Alnaser, 2018; Eke and Demircan, 2015; Wittkopf et al., 2012;
Martin-Chivelet et al., 2018; Ban-Weiss et al., 2013; Riither et al., 2010; Lu and Yang, 2010; Li et al., 2013; Yang et al., 2004; Lee and Yoon, 2018; Lee et al., 2014,
2017; Wang et al., 2016, 2018; Choi et al., 2019; Yoon et al., 2011; Song et al., 2008; Omer et al., 2003; Li and Fang, 2013; Ramanan et al., 2019; Chel and Tiwari,

2011; Aaditya et al., 2013; Eke and Senturk, 2013; Araz et al., 2019).

roof, facade, and window. Then, China followed with a wide range of
installed capacity and installed area. Testing of bedding in Spain and
Turkey focuses on BIPV applications on the facade, whereas India fo-
cuses on the roof. Crystalline silicon systems exhibit higher capacity per
unit area, making them preferable for space-limited applications such as
rooftops. However, thin-film and emerging technologies (such as dye-
sensitized solar cells or organic PVs) offer larger area deployment for
the same capacity, suggesting a trade-off in efficiency but improved
flexibility, aesthetics, and lightweight integration, particularly in fa-
cades and atriums. The figure also reveals application-specific domi-
nance. Rooftop BIPV systems account for the majority of installed
capacity due to structural feasibility and solar exposure. Facade-

integrated BIPV, although growing, faces limitations due to partial
shading, non-optimal angles, and architectural constraints, which
explain their lower overall contribution despite higher surface coverage.

Manna et al. have studied a typical characteristic of third-generation
PV, which is that it absorbs more sunlight (Manna and Mahajan, 2007).
This study has demonstrated that nanotech solar cells can increase
conversion efficiency. These technology cells can improve the optical
losses due to reflection and carrier losses. However, there are still sig-
nificant obstacles to understanding and realizing PV devices before they
are mass-produced. One limitation of this technology is the fabrication
of arrays with micrometer-scale dimensions. One of the third-generation
PVs, hot carrier cells, is also required to create a mono-energetic contact
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between the hot carriers inside the absorber and the cold carriers within
the contacts. In 2022, Chuyao and his team investigated the hybrid BIPV
technology facade on the plateau (Wang et al., 2022). This study is done
to overcome the challenge of the BIPV facade, which must work
appropriately to contribute to energy savings effectively. An ANN
method can be applied to enhance the indoor thermal environment. As a
result, ANN decreased more than 40 % of the overall amount of energy
used in the examined plateau areas (Wang et al., 2022).

On the other hand, a study by Alrashidi et al. investigated one po-
tential BIPV application, semitransparent PV glazing. This study evalu-
ated the thermal performance of semitransparent PV glazing made of
cadmium telluride with varying transparencies for south and southwest
orientations in the United Kingdom. As a result, cadmium telluride PV
glazing with the least transparency has a U-value of just 1.52 W/m?K
(Alrashidi et al., 2022). Compared to standard clear glass, the least
transparent PV windows can reduce solar heat gains by 96 % and cooling
energy by 23.2 % when utilized in a southwest orientation (Alrashidi
et al., 2022). A 2022 study by Chen and his team investigated the effect
of BIPV windows. This study adopted a newly developed BIPV coupled
with a single-layer canopy model in Phoenix, USA. A sophisticated
Markov chain Monte Carlo approach is used to study the sensitivity and
uncertainty of the BIPV window effect in the built environment. The
finding of this study shows that window coverage, power generation
efficiency, and canyon aspect ratio significantly influence how much
power the BIPV window generates (Chen et al., 2022).

3. ML fundamentals for BIPV
3.1. ML overview in renewable energy forecasting

The increasing complexity of energy systems, coupled with the
variability of renewable sources such as solar and wind, has driven the
adoption of data-driven techniques for accurate forecasting (Unni and
Channi, 2025). Among these, ML has emerged as a powerful tool to
model the nonlinear, dynamic, and often uncertain behavior of renew-
able energy resources. Unlike traditional physical or statistical models,
ML techniques can automatically learn from historical data without
being explicitly programmed with system equations, making them
particularly effective in handling complex environmental interactions
(Willard et al., 2022).

In the solar energy sector, ML has been widely applied for solar
irradiance prediction, PV power output forecasting, and energy yield
estimation (Essam et al., 2022; Voyant et al., 2017; Ledmaoui et al.,
2023). The strength of ML lies in its ability to capture nonlinear re-
lationships between input variables (e.g., humidity, temperature, and
solar angles) and target outputs (e.g., irradiance and energy output)
(Hissou et al., 2023). This adaptability makes it suitable for localized
renewable energy applications, particularly when using regional or
site-specific datasets. Handle noisy, incomplete, or high-dimensional
data, which are common in weather-dependent systems (Hassan et al.,
2025). Moreover, advancements in deep learning, particularly recurrent
neural networks (RNN) and convolutional neural networks (CNN) (e.g.,
LSTM, CNN-LSTM hybrids), have enhanced the ability to model tem-
poral and spatial dependencies in solar resource forecasting. These ca-
pabilities are increasingly relevant for urban-integrated systems, such as
BIPV, where irradiance conditions vary significantly due to building
geometry and environmental obstructions.

3.2. Role of ML in solar irradiance prediction

Traditional irradiance prediction methods, such as clear-sky models
(Yang, 2020) or empirical regression techniques (Citakoglu, 2015),
often struggle to capture these nuanced variations, particularly in urban
environments where irradiance is highly site-specific and transient. ML
provides a data-driven approach that can learn complex spatial and
temporal relationships from historical data. Instead of relying on fixed
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equations, ML models can be trained to predict irradiance based on a
combination of inputs such as time of day, solar angles, weather con-
ditions, and location data (Citakoglu, 2015). These models can gener-
alize across different contexts when trained on diverse datasets, making
them suitable for highly variable BIPV environments.

Among the commonly used algorithms, ANNs have been widely
applied for irradiance forecasting due to their ability to approximate
nonlinear functions (Pazikadin et al., 2020). SVMs, particularly in
regression mode, have shown effectiveness in handling smaller datasets
and performing well in noisy conditions. Deo et al. reported the devel-
opment of a wavelet-coupled SVM model for forecasting global incident
solar radiation using limited meteorological datasets (Deo et al., 2016).
The study highlighted the SVM model’s capability to handle complex,
non-linear patterns in solar irradiation data, particularly when dealing
with small datasets. Additionally, Shuvo et al. proposed a multi-hybrid
model integrating the Hodrick-Prescott Filter, Discrete Wavelet Trans-
form, and SVM to predict solar radiation (Pal Shuvo et al., 2025). The
study emphasized that previous research had shown challenges in pre-
dicting solar radiation due to the highly nonlinear and noisy nature of
climate data. The proposed model aimed to address these limitations by
enhancing the SVM’s ability to handle such data, thereby improving
prediction accuracy.

RFs are known for their robustness and ability to handle high-
dimensional input features without extensive preprocessing. Villegas-
Mier et al. highlighted that RF models can process large volumes of
data and capture complex relationships between input variables without
the need for comprehensive data transformations (Villegas-Mier et al.,
2022). This characteristic makes RFs particularly suitable for solar ra-
diation prediction tasks that involve multiple meteorological variables.
Tandon et al. evaluated various ML models for solar irradiance predic-
tion and found that the RF model achieved an RMSE of 0.64, out-
performing the linear regression (LR) model by approximately 19.47 %
(Tandon et al., 2025). The results emphasize the superior predictive
capabilities of ML models over traditional methods in solar irradiance
forecasting.

3.3. Role of ML in power output forecasting

ML offers a robust alternative by learning complex nonlinear re-
lationships between multiple input variables and the corresponding
electrical output of PV modules. ANNs have been extensively used in
power output forecasting due to their flexibility and high prediction
accuracy across different BIPV geometries and climates. Ghenai et al.
evaluated the performance of bifacial solar PV systems installed on flat
roofs with varying surface albedo. An ANN-based forecasting model was
developed to predict power output, considering the enhanced albedo
effect. The study found that the ANN model accurately anticipated
power generation, demonstrating its adaptability to different climatic
conditions and system configurations (Ghenai et al., 2022).

Support vector regression (SVR) has shown competitive performance
in scenarios with limited or noisy training data. Abuella and Chowdhury
presented an SVR model to produce solar power forecasts on a rolling
basis for 24 hours ahead over a one-year period. The study considered
twelve weather variables and found that the SVR model performed
competitively compared to ANNs and multiple LR models, particularly
in handling noisy and limited datasets (Abuella and Chowdhury,
2017a). RFs with their ensemble learning structure are effective in
handling large input spaces and offer interpretable models that can rank
the importance of input features such as ambient temperature or irra-
diance levels (Abuella and Chowdhury, 2017b). LSTM networks have
emerged as a powerful tool for forecasting sequential energy output
patterns, capturing the temporal dependencies that exist in power gen-
eration profiles across different hours or days (Harrou et al., 2020). In
BIPV-specific scenarios, these ML models often incorporate additional
inputs such as facade orientation, building layout, and thermal condi-
tions, which are less commonly considered in conventional rooftop PV
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modeling. For instance, time-series models using LSTM have been shown
to capture delayed thermal effects and the shadowing impact from
adjacent structures more accurately than feedforward models (Gao
et al., 2019; Kappler et al., 2023).

3.4. Comparison with traditional methods

Deterministic models, such as clear-sky models and transposition
models based on radiative transfer equations, aim to simulate solar
irradiance or energy output using physical laws. For instance, the Bird
Clear Sky Model, developed by the National Renewable Energy Labo-
ratory, is a widely used deterministic model that calculates clear-sky
solar radiation components using radiative transfer equations (Palani
et al., 2017). These models require precise input parameters, including
solar geometry, panel orientation, albedo, and atmospheric turbidity,
and often assume idealized or homogeneous conditions (Palani et al.,
2017; Quan and Yang, 2020). However, BIPV installations typically
occur in urban environments where such assumptions are not appli-
cable. Facade-mounted or vertical PV modules are subject to partial
shading, obstructions, and asymmetric irradiance profiles, making ac-
curate deterministic modeling extremely challenging (Ishaque et al.,
2011).

Statistical methods, including multiple LR, autoregressive integrated
moving average, and polynomial regressions, rely on predefined re-
lationships between historical variables and forecast targets
(Effrosynidis et al., 2023). While simpler to implement, these models
struggle to capture nonlinear and time-dependent relationships, espe-
cially in multivariate scenarios with interactions between irradiance,
temperature, humidity, and building-specific geometries (Almaghrabi
et al., 2024; Jacques Molu et al., 2024). They also assume stationarity in
data trends, which is often violated in real-time BIPV applications
(Diagne et al.,, 2013; Mohanasundaram and Rangaswamy, 2025).
Moreover, both deterministic and traditional statistical approaches lack
the adaptability to rapidly changing environmental conditions, such as
sudden cloud cover or shadow movement from adjacent structures —
scenarios that are common in urban BIPV installations.

ML techniques offer substantial advantages over traditional methods
in several key areas, such as nonlinearity and multivariable handling,
temporal and spatial pattern learning, robustness to data variability,
real-time adaptability, and feature importance and interpretability. ML
models such as ANN (Djeldjli et al., 2024), RF (Soleymani and
Mohammadzadeh, 2023), and LSTM (Mukhoty et al., 2019) networks
are inherently capable of modeling nonlinear relationships between
multiple input features and the target variable. For instance, ML models
can account for the complex influence of solar position, shading pat-
terns, and weather variables on PV output, without requiring manual
feature engineering or equation derivation.

Especially with deep learning methods like LSTM and CNN-LSTM,
ML can capture temporal dependencies and spatial correlations in
sequential data (Yu et al., 2024; Khan et al., 2024). This is particularly
valuable for short-term irradiance and power output forecasting, where
data varies minute by minute across building surfaces. ML models have
shown greater resilience to noise, missing values, and small datasets (via
ensemble techniques or kernel-based models like SVM), as evidenced in
recent comparative studies (Deo et al., 2016; Caiafa et al., 2021). With
retraining mechanisms or online learning variants, ML models can be
continuously updated as new data becomes available, making them
suitable for real-time deployment in smart building systems. This dy-
namic capability is absent mainly in static regression-based or
physics-based models.

3.5. Limitations and considerations in ML for BIPV
3.5.1. Data limitations and preprocessing challenges

BIPV systems are typically customized to specific architectural de-
signs, orientations, and urban contexts. This results in high
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heterogeneity in datasets, limiting the availability of large, standardized
datasets needed to train robust ML models. Unlike utility-scale PV sys-
tems, which are deployed in open fields with uniform modules and
consistent irradiance exposure, BIPV installations vary significantly in
terms of module type, shading, tilt, azimuth, and location-specific
climate conditions. Moreover, acquiring high-quality, continuous, and
labeled datasets from BIPV systems is often hindered by sensor limita-
tions, data logging errors, or building-specific privacy constraints (Singh
et al., 2022; Liu et al., 2023). Singh et al. discuss the challenges in BIPV
systems, highlighting issues such as the rise in temperature of PV
modules, the occurrence of various faults, and the accumulation of dust
particles (Singh et al., 2022). These factors can affect the performance
and data quality of BIPV systems. The study emphasizes the need to
integrate digital technologies, such as the Internet of Things and artifi-
cial intelligence (AI), to monitor and address these challenges
effectively.

3.5.2. Overfitting and generalization challenges

Another concern in applying ML to BIPV systems is overfitting,
especially when models are trained on small or non-representative
datasets (Hamad et al., 2025). Overfitting occurs when a model cap-
tures noise or spurious patterns in the training data rather than gener-
alizable trends. Hamad et al. highlighted that, due to the nonlinear
nature of power generation in PV systems, which is influenced by fluc-
tuating weather conditions, managing this nonlinear data effectively
remains a significant challenge (Hamad et al., 2025). The study em-
phasizes that models trained on limited or non-representative datasets
are prone to overfitting, leading to poor generalization on unseen data.

This issue is especially relevant in BIPV applications, where the
model trained on data from one building or climate zone may not
generalize well to another with different facade orientations, material
reflectivity, or shading profiles. Deep learning models, such as LSTM and
CNN, although powerful, are particularly prone to overfitting in low-
data scenarios (Salman et al., 2024; Kumari and Toshniwal, 2021).
This highlights the need for cross-validation, transfer learning, or
ensemble methods to enhance model robustness across diverse BIPV
settings.

3.5.3. Interpretability and deployment feasibility

While hybrid models such as CNN-LSTM and deep neural networks
have demonstrated strong predictive performance in solar irradiance
and power forecasting, their “black-box” nature limits interpretability,
posing challenges for decision-makers and system operators in the en-
ergy sector (Samek et al., 2017). For BIPV applications, transparency is
crucial for verifying model behavior under diverse environmental con-
ditions and building geometries. To address this, explainable Al tech-
niques such as SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-agnostic Explanations (LIME) have gained traction.

SHAP assigns an importance score to each input feature for indi-
vidual predictions, helping stakeholders understand which variables (e.
g., solar angle, temperature, irradiance) drive output fluctuations. LIME
approximates complex models locally using interpretable surrogates,
offering human-readable insights for particular input conditions.
Applying SHAP and LIME to CNN-LSTM models in BIPV systems can
enhance trust and facilitate better integration with building energy
management systems, particularly in settings where safety, compliance,
or performance benchmarking are crucial.

Future reviews or experimental work should address the diagnostic
capabilities of ML models under real-world BIPV variability, including
comparative analysis of their sensitivity, specificity, and resilience to
noise. Additionally, integrating explainable AI methods, such as SHAP,
LIME, or rule-based surrogates, could help operators better interpret
model outputs, especially in edge cases where opaque model decisions
hinder fault tracing or maintenance planning (Hassan et al., 2025).

Furthermore, real-time deployment of ML models in smart buildings
and BIPV-integrated energy management systems requires lightweight
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architectures that can function on embedded hardware or edge
computing platforms (Singh et al., 2022; Jouini et al., 2024). Many
state-of-the-art ML models are computationally intensive, limiting their
feasibility for real-time control unless they are simplified or optimized
through pruning, quantization, or hardware acceleration (Liang et al.,
2021; Roth et al., 2024).

The real-world deployment of ML models in BIPV systems must
consider the hardware limitations of embedded systems and edge de-
vices. Many deep learning models, such as CNN or RNN, are computa-
tionally intensive and may not be feasible on microcontrollers or low-
power processors commonly used in smart buildings. As a result,
model compression techniques—including pruning, quantization, and
knowledge distillation—are increasingly important to reduce inference
time and memory usage without significantly sacrificing accuracy.
Hardware accelerators, such as Graphics Processing Units, Tensor Pro-
cessing Units, and edge AI chips (e.g., NVIDIA Jetson, Google Coral), can
also support real-time ML inference in energy-constrained environ-
ments. However, these solutions introduce trade-offs between energy
consumption, latency, and model complexity. Lightweight algorithms
such as decision trees or SVM (with linear kernels) may offer a better
balance between predictive performance and deployability for specific
BIPV tasks. Future research should explore co-design strategies that
optimize ML models in conjunction with hardware constraints, enabling
scalable and real-time deployment.

4. ML in BIPV

BIPV’s performance depends on many factors, which can be cate-
gorized into solar irradiance at the specific location and BIPV energy
output (Fig. 4).

4.1. Solar irradiance prediction

This section addresses RQ1 by comparing input features, model
families, contexts (facade/roof, sky/season), and evaluation metrics for
BIPV irradiance forecasting. As the primary factor affecting BIPV output,
solar irradiance will fluctuate significantly due to various factors,
including cloud movement, surface orientation, building view factor,
and ground view factor. Researchers have developed several ML algo-
rithms, considering several factors to predict solar irradiance. Table 1
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Fig. 4. ML algorithms in predicting solar irradiation and BIPV power output.
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lists ML applications in BIPV for predicting solar irradiance. A solar
irradiation mapping model can be used to indicate the optimal location
for installing a BIPV solar cell, which is critical for the operation of
innovative energy systems.

Jiang et al. propose ResnetTL, a hybrid deep network designed to
estimate hourly global solar radiation using geostationary satellite im-
ages of China (Jiang et al., 2019). ResnetTL comprises two blocks
(Fig. 5): a CNN for extracting spatial patterns from satellite images and a
multilayer perceptron for establishing the complex, underlying
nonlinear relationship between inputs and target global solar radiation
values. ResnetO utilizes spatial patterns extracted from satellite imag-
ery, while ANN_P leverages pixel spectral information from satellite
data, along with auxiliary local time (month, day, and hour) and loca-
tion (longitude, latitude, and altitude) information. The accuracy of the
hourly GSR predictions was assessed by comparing them to ground
measurements at 90 training stations and eight validation stations.
ResnetTL demonstrated superior performance compared to ANN-P and
ResnetO.

Zhen et al. proposed that an accurate mapping model between sky
images and surface solar irradiance is critical for ultra-short-term solar
PV power forecasts (Zhen et al., 2020). This study addresses the short-
comings of single-model methods such as ANN or CNN. This results in
low precision for future irradiance prediction, as the future sky image
differs from the historical sky image due to the growth and deformation
of clouds. They compare the ANN, CNN, LSTM, and a hybrid of
CNN-LSTM to predict solar irradiance based on the input of a sky image.
The sky data was preprocessed and classified into three classes before
being applied to the ML algorithms. The classified data are input into the
hybrid mapping model, and the simulation results are compared with
those of the model, which has the highest accuracy among the other
three models. The proposed hybrid mapping model exhibits better ac-
curacy and a narrower error range compared to other deep learning
models.

Bredemeier et al. used ML to forecast the annual sum of irradiance on
rooftop and facade surfaces in an urban area of Hanover, Germany
(Bredemeier et al., 2021). As inputs, the ML regressor uses indicators
obtained from skyline profiles (surroundings of rooftops and facades).
As shown in Fig. 6a and b, the skyline profiles provide a
two-dimensional representation of a specific surface’s surroundings. The
grey-hatched section represents the area of the environment that is cast
in shadow by the surface itself. The green area is where the surface meets
the earth. Other structures impede the view of the surface in the red
section. The surface of the blue section looks up towards the sky. From
this image, they extract several factors, including surface tilt, surface
orientation, sky view factor, ground view factor, building view factor,
and sun coverage factor, which can then be used as input for various
algorithms. The applied algorithms are LR, medium tree regressor,
medium Gaussian SVM, and Gaussian process regression (GPR).

They discovered that ML algorithms can forecast the total yearly
irradiation for all types of building surfaces at all tilts and orientations.
The RMSE between predicted values and ground truth values decreases
from top to bottom, 58 kWh/(m2 a) for the LR, 40 kWh/(rn2 a) for the
decision tree regressor, 34 kWh/(m? a) for the Gaussian SVM regressor
and 32 kWh/(m? a) for the Gaussian process regressor. They observed
that GPR shows a lower RMSE value compared to SVM. However, the
computational time was increased significantly. Thus, they used an SVM
regressor for further analysis. They found that the increased error in the
prediction for facade surfaces is partly due to the larger amount of re-
flected light impinging on facades compared to roofs.

Zaiani et al. (2024) used the image satellite from the Meteosat Sec-
ond Generation geostationary satellite, which is divided into several
channels VIS06 (0.6 pm), VISO8 (0.8 pm), HRV, and NIR (1.6 pm)
(Zaiani et al., 2024). These image satellite data were used as input, and
the Daily global solar radiation was predicted using ANN and SVM.
Global solar radiation measurements were carried out between 2014
and 2017 in Algeria using the Ghardaia radiometric station. The station
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Table 1

ML in BIPV in solar irradiance prediction.
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No.

Input variable

Output variable

ML algorithm

RMSE

Year

Ref.

1

Multifunctional Transport Satellite

- ResnetTL: spatial pattern and point
(pixel) information

- ResnetO: spatial pattern

- ANN_P: point information

Sky image data from sky imager. The sky
imager and irradiance meter are
deployed in a meteorological

station located in solar PV plant

(LoD-2) city geometries of Hanover
(Germany):

o surface tilt

o surface orientation

sky view factor

ground view factor

building view factor

sun coverage factor

The normalized reflectance obtained
from Meteosat Second Generation
images taken between 2014 and 2017.
Solar elevation angle

- solar declination

- extraterrestrial solar radiation

Surface global solar radiation

Prediction of solar irradiance data

Prediction of annual sum of solar
irradiation on rooftop and facade
surfaces

Prediction of Daily Global Solar
Radiation from 4 channels:
VIS06+VISO8+HRV + IR017
forecast surface solar irradiance using
feature selection method

- ResnetTL and ResnetO:
Convolutional neural
networks-Multilayer
perceptron

- ANN_P: feed-forward artificial
neural networks

Artificial neural networks

Convolutional neural networks

Long short-term memory

Convolutional neural networks-

Long short-term memory

Linear regression

Medium tree regressor

Medium Gaussian SVM

Gaussian process regression

Artificial neural networks
Support vector machines

Convolutional neural networks-
Long short-term memory
Convolutional neural networks-
Gated recurrent unit

Artificial neural networks
Convolutional neural networks
Long short-term memory
Gated recurrent unit

- ResnetTL:
84.18 W/m?
- ResnetO:
90.38 W/m?
- ANN_P:
89.75 W/m?
137.49 W/m?
110.99 W/m?
127.55 W/m?
107.66 W/m?

58 kWh/(m? a)
40 kWh/(m? a)
34 kWh/(m? a)
32 kWh/(m? a)

212.21 Wh/m?
441.95 Wh/m?

0.1966 MJ/m?
0.1986 MJ/m?
0.2202 MJ/m?
0.2179 MJ/m?

0.2124 MJ/m?
0.2088 MJ/m?

2019

2020

2021

2024

2024

Jiang et al., 2019 (
Jiang et al., 2019)

Zhen et al., 2020 (
Zhen et al., 2020)

Bredemeier et al.,
2021 (Bredemeier
et al., 2021)

Zaiani et al., 2024 (
Zaiani et al., 2024)

Kim, J., 2024 (Kim
et al., 2024)

Fig. 5. Structure of proposed deep network consisting of a convolutional neural network (CNN) and a multilayer perceptron (MLP) with Multifunctional Transport
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is equipped with three instruments to measure the direct, diffuse, and
global components of solar radiation every minute, as well as temper-
ature and humidity. The ANN model yielded lower error values than the
SVM model. This study presents interesting and promising insights into
the contribution of ML to predicting ground observations from satellite
images and solar radiation at the ground level in land areas.

Kim et al. used image satellite data from the GEO-KOMPSAT-2A
satellite (16 channels) of the Republic of Korea as the input data (Kim
et al., 2024). The automated synoptic observation system, run by the
Korea Meteorological Administration on the ground, measured the
surface solar irradiance. They considered the surface solar irradiance
characteristics and utilized a spatio-temporal deep learning model to
predict solar irradiance. The procedure has four steps: feature selection,
data analysis and preprocessing, forecasting model design and evalua-
tion, and data collection. According to the experimental results, this
proposed spatio-temporal deep learning model (CNN-LSTM, CNN-Gated
recurrent unit) outperforms ANN, CNN, LSTM, and Gated recurrent unit
in terms of overall performance (RMSE ranging from 0.20 to 0.53
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MJ/m?). Furthermore, it was verified that features chosen with the
proposed Deep-feature selection perform better in forecasting than those
obtained with the conventional approach. Finally, it was verified that
surface solar irradiance forecasting performs noticeably better, regard-
less of the forecasting model, when three solar geometry parameters —
solar declination, solar elevation angle, and extraterrestrial solar radi-
ation — are employed.

It is essential to acknowledge that many of the models reviewed in
Table 1 rely on localized or short-term datasets, which can restrict the
generalizability and robustness of their predictions. The application of
ML to estimate solar irradiance becomes particularly challenging when
models are used in different climate zones, urban environments, or
building typologies. These limitations may lead to overfitting and
reduced model performance when the model is used outside the context
of the original dataset. To address this issue, future research should focus
on developing more diverse and representative datasets, ideally incor-
porating data from multiple locations and periods. This would help
improve the transferability and resilience of ML models used in BIPV

Table 2
ML in BIPV power output prediction.
No.  Input Variables Output Variable Prediction Algorithm RMSE Year Ref.
1 - Normative sky index  Short-term hourly BIPV power output predictions Artificial neural networks 0.76 2019  Leeetal, 2019 (Lee et al.,
- Wind direction (kW) Support vector machines 0.83 2019)
- Relative humidity Classification and regression trees 0.76
- Solar altitude Chi-square automatic interaction 0.98
- Wind speed detection
- Outdoor air Random forests 0.75
temperature Recurrent neural network 0.51
- Precipitable
probability
2 - Temperature Forecasted PV power on a sunny day (W) Similarity-based forecasting 2.89 2020  Sangrody et al., 2020 (
- Humidity Forecasted PV power on a partially cloudy day (W)  models based on K-nearest 10.81 Sangrody et al., 2020)
- Dew point Forecasted PV power on a cloudy day (W) neighbors 14.16
- Wind speed
3 - Solar radiation PV power prediction on east facade (W) Artificial neural networks 4.42 2021 Kabilan et al., 2021 (Kabilan
- Wind speed PV power prediction on the south facade (W) Quadratic Support vector machines 16.8 etal., 2021)
- Relative humidity PV power prediction on the south facade (W) Decision tree 8.76
- Temperature
4 - Temperature Power (kW) P=V*1I Feed-forward neural networks 0.0754 2022 Shin et al., 2022 (Shin et al.,
- Irradiance Voltage (V) Regression neural network 13.27 2022)
- Voltage for Current (I) Regression neural network 0.26437
estimation
- Current for
estimation
5 - Spectral irradiance Predicted annual output energy 282.54 (rooftop), Artificial neural networks 1.26 2022  Nguyen & Ishikawa, 2022 (
- Incident spectral 105.07 (east), 174.71 (south), and 90.79 (west) Nguyen and Ishikawa, 2022)
angle kWh/m?
- Solar module
temperature
6 - Illuminated fraction Predicted power on south array (kWh/m?) Artificial neural networks 0.19 2022 Polo et al., 2022 (Polo et al.,
of array Predicted power on west array (kWh/m?) 0.11 2022)
- Plane on the array Predicted power on east array (kWh/m?) 0.17
irradiance
- Ambient
temperature
- Module temperature
- Cosine of the
incident angle
7 - Diffused normal BIPV power output Random forests 0.182 2023  Dourhmi et al., 2023 (
irradiance - winter 1kWh/m? Artificial neural networks 0.231 Dourhmi et al., 2023).
- Diffused horizontal - - spring 13 kWh/m? Linear regression 0.279
Irradiance - summer 16 kWh/m? Support vector regression 1.16
- Global horizontal - autumn 4 kWh/m? Decision tree regression 0.257
irradiance
8 - Solar irradiance Annual output energy (kWh/m?) Artificial neural networks 0.15111 2023  Nguyen and Ishikawa, 2023 (
- Incident light’s Nguyen and Ishikawa, 2023)
angle
- PV module’s
temperature
- Perovskite

absorber’s thickness

- Perovskite

absorber’s bandgap
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applications.
4.2. Power output prediction

This section addresses RQ2, synthesizing evidence on power-output
forecasting across horizons (intra-hour to seasonal) and orientations,
and contrasting direct power modeling with chained approaches that
use predicted irradiance. In a BIPV system, it is essential to forecast
short-term load demand to effectively balance supply and demand with
power producers and handle the fluctuations in power consumption on
the grids (Muneer et al., 2007). Thus, forecasting the energy produced
by weather-dependent renewable sources, such as solar energy, is
essential. Accurate estimates of BIPV power output depend on weather
data such as cloudiness and solar irradiance since solar power genera-
tion varies with changes in solar irradiation throughout the day. Re-
searchers have recently employed the ML approach to predict BIPV
power output using various models, as summarized in Table 2.

Lee et al. compared six ML models, including the ANN, chi-square
automatic interaction detection, classification and regression trees,
SVM, RNN, and RF algorithms (Lee et al., 2019). The ML algorithm was
used to predict BIPV power output by considering historical weather
data from 4 different types of meteorological circumstances (clear,
slightly cloudy, cloudy, and overcast days). The findings showed that the
RNN achieved the lowest RMSE among other models over 15 days of
varying sky conditions. The RNN outperformed the different approaches
in terms of hourly predicted accuracy and achieved superior long-term
daily prediction performance over a 64-day period.

Sangrody et al. used ML algorithms such as ANN and a similarity-
based forecasting model based on K-nearest neighbors to predict the
day-ahead solar PV generation (Sangrody et al., 2020). The PV panels
were installed on the rooftop of the Engineering and Science Building at
the State University of New York at Binghamton. At the same time,
weather data were collected from three nearby weather stations. The
study results show that the accuracy of categorical similarity-based
forecasting is slightly better than that of basic similarity-based fore-
casting when using sky-cover data. However, the forecasting accuracy of
the hierarchical similarity-based forecasting model (RMSE = 1.43 %) is
significantly better than that of the basic similarity-based forecasting
model (RMSE = 6.67 %) and the categorical similarity-based forecasting
model (RMSE = 5.67 %), particularly when temperature, humidity, and
irradiance are applied hierarchically in the similarity analysis.

Kabilan et al. utilized a ML algorithm to predict the short-term power
efficiency of a BIPV system installed on flat, south-east-oriented, and
west-oriented facades of a building (Kabilan et al., 2021). A comparison
of three ML models (ANN, decision tree, and quadratic SVM) has been
applied to forecast PV power output using four inputs: solar radiation,
wind speed, relative humidity, and temperature. The ANN algorithm is
the best among all the other models used. This finding suggests that ANN
may be a reliable predictor of the performance and reliability of power
grid management processes.

Shin et al. (2022) use LR to predict voltage and current as output
using irradiance, module temperature, voltage, and current data. Then,
the power output can be calculated by multiplying the expected voltage
and current. The BIPV module, available in three different colors (red,
blue, and grey), along with its electrical and weather characteristics, was
used as input data for model training (Shin et al., 2022). When the LR
model’s prediction value was compared to the feed-forward neural
networks model’s prediction value for the test data, it was found that the
feed-forward neural networks model estimates values more closely than
the LR model for power values of colored BIPV systems. The R? values
for the feedforward neural network model’s voltage and current values
were 5 % and 2 % higher, respectively. Compared to the LR model’s
RMSE of 0.1581 kW, the proposed ML model has a lower RMSE of
0.0754 kW. The power generation of a vertically positioned BIPV system
with a colored module built with dots on glass can be accurately pre-
dicted by the proposed ML model. This approach enables the simple
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identification of a BIPV system’s failure and minimizes energy losses
through regular maintenance, allowing for precise power predictions.

Nguyen and Ishikawa performed a study on predicting the output
energy of high-efficiency perovskite/silicon tandem solar cells via an
ANN based on the specific direction of the PV module and spectral
irradiance data for August (Nguyen and Ishikawa, 2022). The ANN
model optimization considered a six-neuron input consisting of the
perovskite layer’s bandgap and thickness, module temperature, incident
angle, near-infrared irradiance, and visible irradiance. Thus, it could
predict the output power density of the perovskite/silicon tandem solar
cell. The expected model indicates that the optimum perovskite layer’s
bandgap and thickness vary according to the facades of the PV module
on the building rooftop, with an RMSE of 1.26 and a correlation coef-
ficient of 0.99979.

Using an ANN algorithm, Polo et al. modeled a BIPV system attached
to a building facade, taking into account the shadowing effect brought
on by nearby structures, trees, and other urban features (Polo et al.,
2022). The input parameters for the ANN model were separated into two
groups: the geometry, orientation, and shading of the modules, which
included the cosine of the sunlight incident angle, the azimuth of the
facade, and the illuminated fraction of the array at each time step; and
the PV direct conversion parameters, which included plane of array
irradiance, module temperature, and ambient temperature. The sug-
gested ANN model was an easy-to-implement technology that could
accurately predict the power of every individual PV array. In 5 minutes,
the mean relative error in estimating power varied between 6 % and 15
%. As a result, digital twin approaches for BIPV systems can effectively
utilize this type of model, enabling the detection of abnormal behaviors.

Dourhmi et al. utilized the French weather forecast database to
evaluate the performance of BIPV predictions. They suggested using
several models to maximize PV and meteorological factors. Various ML
models, including RF, ANN, LR, SVR, and decision tree regression, are
examined, and comparison experiments are carried out to compare the
results. The suggested RF and ANN models yield the best results in terms
of performance, as well as in making accurate predictions for each
season (Dourhmi et al., 2023).

Nguyen and Ishikawa also performed a study on predicting the
output energy of BIPV via an ANN (Nguyen and Ishikawa, 2023). In this
work, the input is divided into environmental input and structural input
variables. The BIPV uses a 4T tandem PV cell, which they compare to
their previous work on a 2T tandem PV cell (Nguyen and Ishikawa,
2022) on various directions (east, roof, south, and west). This work
examined five ANNs with various hidden layers. They conclude that the
ANN-3-hidden-layer model, with an architecture including one input
layer (5 neurons), three hidden layers (19, 19, and 16 neurons for the
1st, 2nd, and 3rd layers, respectively), and one output layer (2 neurons),
is the optimal model for the predictions. Comparing the 2T and 4T p-Si
tandem PV cells revealed that the 4T tandem PV cell outperforms the 2T
tandem PV cell in BIPV applications.

4.3. Computational cost trade-offs in real-time BIPV

This section addresses RQ3 by evaluating accuracy-latency—-memory
trade-offs. In practical BIPV applications, especially those requiring real-
time forecasting, optimization, or control, the computational efficiency
of ML models becomes a critical concern. High-performing algorithms,
such as GPR or hybrid deep learning architectures like CNN-LSTM, offer
impressive accuracy but demand considerable computational resources.
For example, GPR has a time complexity of O(n®), which is often
impractical for large-scale, continuous real-time data processing
(Rasmussen and Williams, 2005). In contrast, lightweight models, such
as decision tree regressors, RF, and shallow neural networks, are more
suitable for on-device or embedded use due to their lower latency and
resource consumption. To address these constraints in real-world BIPV
systems, several strategies can be considered.
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a). Model simplification: Pruning, quantization, and knowledge
distillation can reduce model size and inference time without
significantly compromising accuracy (Cheng et al., 2018).
Dimensionality reduction: Techniques like principal component
analysis or feature selection help minimize input complexity and
computation (Garcia et al., 2016). In a BIPV-specific study, Lee
et al. (2019) showed that feature reduction significantly
improved model simplicity and performance in short-term power
forecasting using RNN, making it more feasible for real-time
applications.

Hardware acceleration: Utilizing edge AI chips, graphics pro-
cessing units, or tensor processing units can significantly reduce
model execution time and power consumption (Zou and Revo-
lutionizing, 2024).

b).

o).

Implementing such optimizations ensures that BIPV systems remain
energy-efficient, cost-effective, and responsive under operational con-
straints. In contexts such as smart buildings, where real-time respon-
siveness and low power consumption are critical, balancing accuracy
with computational feasibility is crucial for successful ML integration.

4.4. Outdoor condition variability in BIPV forecasting

This subsection extends RQ3, examining sensitivity to sky/season/
site variability and its impact on the stability of irradiance and power
forecasts. Outdoor environmental factors such as soiling, degradation,
and cloud variability can significantly impact the real-world perfor-
mance of BIPV systems. While most ML models focus on clean, ideal
datasets, a few recent studies have made strides in incorporating envi-
ronmental uncertainty into forecasting. For instance, Zhen et al. (2020)
used sky image classification to enhance irradiance predictions in
facade-integrated systems (Zhen et al., 2020). Their approach included
visual sky segmentation and weather scenario classification, such as
overcast and scattered clouds, which helped capture the dynamic in-
fluence of cloud deformation on irradiance without relying on expensive
instrumentation. Although the study focused on short-term irradiance
patterns, the underlying method is adaptable to real-time outdoor
variability.

Bredemeier et al. (2021) developed a geometry-aware model that
incorporated skyline profiles and horizon obstructions in BIPV envi-
ronments (Bredemeier et al., 2021). By embedding structural shading
and local urban geometry into the ML model, the study indirectly
accounted for environmental shading and partial irradiance con-
ditions—factors often overlooked in purely satellite- or sensor-based
models. Similarly, Shin et al. (2022) performed real-world testing of
color-modified BIPV panels under outdoor conditions (Shin et al., 2022).
Their model was trained with measured data across different times of
day and seasons, capturing variations in spectral response and temper-
ature that can influence module output. While the model did not
explicitly quantify degradation or soiling, it represented a meaningful
attempt to work with naturally variable outdoor datasets.

Despite these advances, none of the reviewed studies in Section 4
explicitly incorporated long-term module degradation or surface soiling
in their modeling pipelines. This gap presents an opportunity for future
research to enhance the reliability of ML forecasts for BIPV systems by
integrating environmental sensor feedback, cleaning event records, or
degradation models.

4.5. Model overfitting and generalizability

This subsection extends RQ3, assessing overfitting risks in small/
local datasets and the transferability of models across buildings and
seasons. A notable challenge in applying ML to BIPV systems is over-
fitting, particularly due to the modest size and heterogeneity of BIPV
datasets. Unlike centralized PV systems with uniform configurations and
abundant sensor data, BIPV setups are customized to individual
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buildings, resulting in small and often non-representative datasets. The
U.S. Department of Energy’s Solar Energy Technologies Office has
summarized the challenges and opportunities for BIPV, highlighting the
lack of standardized data sources necessary for evaluating BIPV systems.
Specifically, it notes that data for individual buildings is required,
including various levels of building characteristics such as geometry,
energy systems, and envelope information. This underscores the
customized nature of BIPV installations and the resulting challenges in
data standardization and availability (U.S. Department of Energy,
2022). This increases the risk of a model learning noise or
building-specific idiosyncrasies, leading to poor generalization (Xu
et al., 2023).

Despite this concern, none of the studies reviewed in Section 4
explicitly discussed regularization techniques (L1/L2 penalties, dropout
layers) or robust validation strategies (k-fold cross-validation, leave-
one-out) as mechanisms to prevent overfitting. The omission suggests a
potential research gap, particularly in benchmarking ML performance
across diverse building geometries, climates, and sensor setups. To
ensure generalizability, best practices from related solar ML literature
should be adopted in future BIPV work. These include.

a). Using cross-validation to assess consistency across datasets
(Kohavi and Li, 1995).

b). Applying regularization techniques to penalize model complexity
(Lever et al., 2016).

c). Implementing early stopping during training to avoid overfitting
(Hussein and Shareef, 2024).

d). Leveraging ensemble models to smooth out local biases
(Ranglani, 2024).

e). Performing sensitivity analysis to test robustness to missing or

noisy inputs (Ankenbrand et al., 2021).

Addressing these methodological aspects will improve the reliability
of ML models in BIPV applications, especially for deployment in real-
time control, forecasting, or energy management systems.

5. Impact, outlook, and future prospects

This section answers RQ4, translating the impact into cross-cutting
priorities for research and practice with recommended directions.
Future research in ML for BIPV must move beyond conceptual integra-
tion and focus on technically specific and experimentally verifiable
pathways. For instance, applying reinforcement learning for dynamic
BIPV-envelope control. Integrating phase change materials, thermo-
chromic films, or electrochromic glass into BIPV facades presents a
promising avenue for intelligent thermal and daylight regulation (Jaffar
et al., 2024; Liu and Wu, 2022). Here, reinforcement learning algo-
rithms, particularly deep Q-networks or proximal policy optimization,
can develop dynamic control policies that optimize energy yield and
indoor comfort based on real-time environmental inputs (irradiance,
ambient temperature, indoor thermal loads) (Guo et al., 2025; Silvestri,
2024). Experimental validation should involve phase change materials
or electrochromic-integrated BIPV testbeds equipped with real-time
sensors for irradiance, surface temperature, and occupancy, enabling
the reinforcement learning agent to learn and adapt policy decisions
over time.

Moreover, supervised learning models such as RF or SVM can be
trained on long-term monitoring data from inverter status, current-
voltage curves, or temperature anomalies to predict system faults
before performance is significantly degraded (Thakfan and Bin Salamah,
2024; Chang and Han, 2024). Additionally, a comparative analysis table
(Table 3) has been added to summarize the algorithm’s strengths, lim-
itations, and performance metrics, including RMSE and R?, across spe-
cific BIPV tasks. This provides readers with a decision-support
framework for selecting appropriate ML models based on application
needs, dataset sizes, and system constraints.
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Table 3
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Strengths, limitations, and performance indicators (RMSE or R?) of various ML algorithms across specific BIPV tasks.

ML algorithms Task Strengths

Limitations

Example studies Typical RMSE/R?

Artificial neural networks Power output Handles nonlinearities,

Overfitting, data-hungry

Kabilan et al. (2021), Polo et al. (2022) ( RMSE ~0.2-4.4 W/
2

forecasting widely used Kabilan et al., 2021; Polo et al., 2022). m
Support vector machines Irradiance Good with small data Limited in multivariate Bredemeier et al. (2021) (Bredemeier RMSE ~ 32-58
prediction problems et al., 2021) kWh/(m?-a)
Convolutional neural networks- Short-term solar Captures spatial + Computationally heavy Zhen et al. (2020), Kim et al. (2024) ( RMSE ~
Long short-term memory forecast temporal patterns Zhen et al., 2020; Kim et al., 2024) 107.6-137.5 W/m?
Random Forest Seasonal Fast, interpretable May underperform on Dourhmi et al. (2023) (Dourhmi et al., RMSE =~ 0.18-0.25
forecasting deep sequences 2023)

Time-series
power output

Recurrent neural networks Effective for sequential

data

Training instability

Lee et al. (2019) (Lee et al., 2019) RMSE ~ 0.51 kW

Going forward, future research should not only aim at improving
predictive accuracy but also prioritize the robustness and interpret-
ability of ML models under noisy, real-world BIPV conditions. There is
also a need for standardized benchmarks and open datasets that enable
fair comparisons across models. The integration of hardware accelera-
tion, lightweight neural architectures, and online learning techniques
will likely be critical in pushing BIPV-ML solutions toward practical,
real-time implementation.

Based on the analysis of the reviewed literature, the following core
research priorities were identified and ranked.

e Data scarcity and diversity
o The limited availability of high-resolution, annotated datasets
from operational BIPV installations, particularly across diverse
climates and building typologies, is the most significant bottle-
neck. Publicly accessible, standardized BIPV datasets with labeled
metadata must be prioritized for model benchmarking and
reproducibility.
e Model generalization and transferability
o ML models trained on narrow, site-specific data often fail to
generalize across different buildings. Research should focus on
transfer learning, domain adaptation, and meta-learning ap-
proaches that enable models to adapt with minimal retraining.
o Interpretability and trust
o Given the complexity of modern BIPV systems and their interaction
with smart building controls, model transparency is essential.
Explainable ML techniques, such as SHAP and LIME, or inter-
pretable architectures, should be integrated to support deployment
in safety-critical or regulatory settings.
e Computational efficiency for real-time applications
o Many state-of-the-art models are computationally intensive.
Future work must explore model pruning, quantization, or the use
of lightweight architectures suitable for edge computing, enabling
integration with real-time BIPV control and monitoring platforms.
e Integration with smart building systems
o There is untapped potential in linking ML-driven BIPV forecasting
with heating, ventilation, air conditioning, lighting, and shading
systems for holistic energy optimization. Research in this direction
will require co-simulation platforms and testbeds that combine
building energy models with real-time ML predictions.

By focusing on these ranked priorities, future research can accelerate
the practical deployment of ML in BIPV systems, enhancing their energy
performance, economic viability, and integration with smart urban
infrastructure.

5.1. Proposed perspectives and contributions

While this review has synthesized over 70 studies on the use of ML in
BIPV applications, it also offers several original contributions to how ML
can be better harnessed to improve the performance and deployability of
BIPV systems. These contributions go beyond literature summarization
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and serve as a foundation for future research directions. This review
presents a functional categorization of ML methods based on BIPV data
characteristics (e.g., size, resolution, and heterogeneity) and model re-
quirements (e.g., interpretability and real-time deployment). For
instance, SVM and RF are highlighted as suitable for small to moderate
urban datasets with minimal preprocessing needs. In contrast, LSTM
networks are better suited for temporal data streams but may require
larger training samples and more computing resources.

An original contribution of this review is the identification of ML’s
role across the BIPV value chain: from solar irradiance prediction and
power output forecasting to control integration with heating, ventila-
tion, and air conditioning systems. This systemic perspective is often
lacking in prior studies, which tend to focus narrowly on model accu-
racy. By framing ML within real-world deployment contexts, such as
edge computing and smart building integration, the paper emphasizes
the need for scalable and explainable solutions.

This review uniquely emphasizes two underexplored issues: (i) the
critical need for interpretable ML models in BIPV settings where energy
decisions affect building operations, and (ii) the absence of standard-
ized, publicly available BIPV datasets that enable fair benchmarking.
These gaps are synthesized into a ranked research agenda to guide future
academic and industrial efforts.

Finally, the review proposes a high-level deployment framework for
real-time BIPV applications. It identifies strategies such as model
quantization, ensemble pruning, and hybrid control loops (e.g.,
combining ML with rule-based systems) as promising solutions for
integrating ML into resource-constrained building energy management
platforms. These perspectives aim to bridge the disconnect between
algorithmic development and practical implementation, providing a
pathway for ML to support more reliable, efficient, and autonomous
BIPV systems.

6. Conclusion

This review aims to clarify how ML approaches can support energy-
efficient building systems with BIPV by improving forecasting accuracy
and real-time deployability. We organized the evidence around four
research questions. RQ1 (irradiance forecasting). Across facades/roofs,
urban geometries, and sky/season conditions, deep spatio-temporal
models perform best when rich inputs (images or dense telemetry) are
available, while support-vector and tree-based methods remain
competitive and simpler to configure for small, tabular datasets. Fea-
tures that encode solar geometry and surface orientation consistently
reduce error. RQ2 (power-output forecasting). For short horizons with
dense signals, sequence/attention models lead; with modest data or
stricter operational simplicity, tree ensembles and SVR deliver robust
accuracy. Chaining irradiance predictions into power models helps
where on-site irradiance sensing is limited. RQ3 (feasibility & robust-
ness). Edge-suitable solutions favor lightweight ensembles and pruned/
quantized neural networks, meeting latency and memory budgets while
maintaining accuracy. Robust operation benefits from drift monitoring,
retraining triggers, and cross-site/season validation to manage outdoor
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variability and overfitting risks. RQ4 (recommended directions). The
field would benefit most from standardized datasets and metadata,
methods that transfer across sites and seasons, interpretable models for
operations, and deployment pipelines designed explicitly for edge con-
straints. In summary, these findings provide actionable guidance for
selecting models by task, horizon, data richness, and deployment con-
straints and outline a clear agenda for advancing BIPV-focused, ML-
enabled building energy management.
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