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A B S T R A C T   

Digital solutions, such as digital-twin (DT) technologies, can significantly improve the construction industry by 
addressing its inherent challenges, such as complex project management, delays, quality control, safety issues, 
and environmental impact. Building-integrated photovoltaics (BIPVs) is a promising system for building enve
lopes to harvest renewable solar energy onsite. Interest in the application of DT technologies in BIPV systems has 
grown, including the prediction and optimization of energy performance and accurate diagnosis of faults. Despite 
increased research on the integration of BIPV systems with DT technologies, a systematic, holistic analysis that 
encompasses all project phases for effective lifecycle management is still lacking. This study comprehensively 
analyzes the integration of BIPV systems and DT technology throughout the building lifecycle, including design, 
construction, operation, demolition, and recycling, and it underscores the potential of combining BIPV systems 
with DT technology as a strategic approach to enhance efficiency, safety, and reliability. This study investigates 
three primary objectives: 1) the current applications/attempts to apply DTs to BIPV systems from a lifecycle 
perspective; 2) the challenges of integrating DTs and BIPV; and 3) promising DT technologies/strategies for 
promoting BIPV development. This study offers significant insights by highlighting the use of DT technologies 
across the full lifecycle of BIPV systems. It details the application of these technologies across five crucial layers 
in BIPV systems, data technologies, modelling methods, and simulation techniques. Moreover, it elucidates 
current research gaps in this domain and proposes valuable recommendations for future research avenues.   

Introduction 

Globally, building and construction industries account for approxi
mately 40 % of the total carbon emissions and 36 % of end-use energy 
[1]. The adoption of renewable-energy technologies is considered an 
effective method to meet energy-efficiency goals in the building sector 
and plays an important role in achieving the carbon-neutrality goals set 
by major economies. Building-integrated photovoltaics (BIPV) are one 
of the most promising sustainable technologies for harvesting solar en
ergy onsite and can reduce the carbon emissions of building operations 
by providing clean electricity. With increasing market demand, the 
installation rate of BIPV has gradually increased. Despite these oppor
tunities, the key challenges in promoting BIPV still exist and require 
novel methods to address them, especially in terms of safety, aesthetics, 
maintainability, durability, and economy. 

The rapid development and application of 5G, cloud computing, and 
artificial intelligence are accelerating the digitalization of society and 
can benefit traditional industries by integrating ‘smart’ strengths. In the 
architecture, engineering, and construction (AEC) industry, digital twins 

(DTs) are an emerging technology that can improve the productivity and 
performance of constructed facilities throughout their lifetime [2]. 

The technologies of DTs are attracting growing research interest. The 
term “digital twin” was first introduced by Grieves at the University of 
Michigan in 2003. Grieves described the “digital twin” as a “digital 
equivalent to a physical product” [3]. Although DTs maintain the core 
characteristics of virtual mapping and real-time data analysis across 
various applications, their definitions vary depending on the functions 
and purposes they serve in specific industries or contexts. In the context 
of computer science, DTs technology is perceived as a network-based 
modelling and abstract representation of the state of physical machin
ery [4]. In the automation sector, they serve as a pivotal link between 
network models and physical mechanical devices, facilitating the 
enhancement and optimization of manufacturing-system performance 
[5]. In architectural engineering, DT technology is defined as the crea
tion of visual and digital models of physical objects [6]. This technology 
ensures real-time and dynamic exchange of data between the physical 
and digital realms, fostering a profound interaction between the two. It 
supports operations such as real-time monitoring, updating, simulation, 
analysis, control, prediction, and optimization. Furthermore, it enables 
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verification and effective collaboration throughout the lifecycle of a 
building project [7]. 

Infrastructure networks are foundational to daily existence, facili
tating the circulation of commodities, data, and services throughout 
metropolitan and regional domains. Enhancing this circulation requires 
adopting data-oriented strategies. DTs provide the opportunity to 
convert passive infrastructure assets into data-centric systems [8]. In the 
extant literature on DTs, approximately 50 % of publications pertain to 
the manufacturing and production domains, whereas approximately 5 % 
of scholarly works address aspects related to the built environment [9]. 
Jiang et al. [10] articulated a precise definition of DTs within the 
domain of civil engineering, concurrently elucidating the distinctions 
among DT technology, building information modelling (BIM), and 
cyber-physical systems. The Associated General Contractors of America 
defines BIM as: “a data-rich object-oriented, intelligent, and parametric 
digital representation of the facility, from which views and data appropriate 
to various users’ needs can be extracted and analyzed to generate information 
that can be used to make decisions and improve the process of delivering the 
facility.” [11] Boje et al. [12] conceptualized a theoretical framework for 
the integration of DTs in architectural practices, showcasing the sub
stantial potential that arises from the synergistic combination of BIM 
and DTs. Digital transformation bestows new advantages across various 
sectors, facilitating the sharing of data among different stakeholders and 

the integration of information flow from the design to the operational 
phases. This is particularly significant in the photovoltaic field, where 
digitalization not only optimizes processes but also improves efficiency 
and reduces costs. Machine learning and deep-learning techniques are 
considered to be effective approaches for predicting photovoltaic-power 
output and diagnosing performance anomalies [13–17]. Additionally, 
the European H2020 “Super PV” project has adopted an innovative 
photovoltaic-information management strategy, which enables seamless 
data exchange throughout the various stages of photovoltaic operations 
and introduces new digital tools specifically designed for the photo
voltaic sector, thereby enabling more efficient collaboration and man
agement [18]. 

Although DT technology has been increasingly studied in different 
aspects of the AEC field, comprehensive reviews and analyses addressing 
DTs for BIPV systems in the building-lifecycle scope are lacking. The full 
lifecycle of a building, ranging from design, construction, and operation 
to eventual demolition, exhibits notable similarities in numerous aspects 
with the integration and application processes of BIPV systems. Fig. 1 
shows this concept, demonstrating how DT technology is applied 
throughout the various stages of the AEC industry, ranging from project 
design, production in factories, transportation, and assembly to the final 
management phase. The combination of BIPV systems and DTs is an 
effective strategy for improving the efficiency, safety, and reliability of 
BIPV systems. DTs can not only be used to predict and optimize the 
performance of photovoltaic modules but can also diagnose the faults of 
photovoltaic systems more accurately. Numerous studies have been 
conducted on the integration of BIPV and DT technologies. However, 
systematic and holistic analyses in this area are lacking. For effective 
lifecycle management, all the phases of a project must be considered. 
Therefore, the adoption of digital technologies throughout the lifecycle 
of BIPV systems may be beneficial. This study investigates three aspects:  

1. Current applications/attempts to apply DTs to BIPV systems from a 
lifecycle perspective,  

2. The challenges of integrating DTs and BIPV,  
3. The promising DT technologies/strategies for promoting BIPV 

development. 

Bibliometric analysis of BIPV-DT research 

This review thoroughly evaluates and explores the potential of DT 
technology as a facilitator of various lifecycle stages of BIPVs. The 
research process involves six steps, as shown in Fig. 2. 

Nomenclature 

Abbreviations 
AEC Architecture, Engineering and Construction 
BEMS Building Energy Management Systems 
BIM Building Information Modelling 
BIPV Building-Integrated Photovoltaics 
CPS Cyber Physical Systems 
DSM Digital Surface Model 
DT Digital Twin 
EoL End-of-life 
GIS Geographic Information System 
HVAC Heating, Ventilation, and Air Conditioning 
IoT Internet of Things 
MOSFETs Metal–oxide–semiconductor field-effect Transistors 
RL Reinforcement Learning  

Fig. 1. Integration of DT technology across the building lifecycle in the AEC industry (. 
Source: by author) 
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1. Identification of knowledge domains: The primary knowledge do
mains of interest were “digital twins” and “building-integrated 
photovoltaics.”  

2. Stratified search in Web of Science (WoS): A comprehensive search 
was conducted using domain-specific keywords in the WoS database. 
This ensured reliability and comprehensiveness of the retrieved data.  

3. Literature selection: Relevant literature was selected from the search 
results based on predetermined criteria for inclusion/exclusion.  

4. Literature verification: The selected literature underwent an initial 
verification process using scientometric techniques, which involved 
analyzing the titles, keywords, and abstracts of each publication to 
assess their relevance to the research topic.  

5. Final literature selection: The final set of literature was determined 
after the verification process, which was conducted manually by 
carefully reviewing each publication.  

6. Detailed Analysis: The selected literature was thoroughly analyzed to 
extract key insights and trends. 

In civil engineering, DTs, cyber physical systems (CPS), and BIM are 
closely related concepts. BIM provides the foundation for creating dig
ital representations, CPS enables the integration of physical and 
computational elements, and DTs combine both to create a dynamic 
virtual representation synchronized with the physical system [10]. The 
core characteristics of DTs are bidirectional data exchange and real-time 
self-adjustment capabilities [19]. Therefore, when conducting literature 
searches in the DT domain, BIM and CPS must be included as keywords 
to capture the full scope of how digital modelling and twinning are 
transforming construction and architectural industries. 

The WoS Core Collection Database was selected as the data source for 
journal retrieval, encompassing the data span of papers published be
tween January 2017 and October 2023. In surveying the DT domain, the 
terms “digital twin,” “cyber physical system,” “cyber-physical,” and 
“building information modelling” were employed together with the 
Boolean operator “OR” to capture relevant works. For the BIPV area, 
keywords included “building integrated photovoltaic,” “BIPV,” “build
ing-integrated photovoltaic,” and “photovoltaics.” These two sets were 
then combined using the “AND” operator, enabling the targeted iden
tification of papers at the intersection of DTs and BIPVs. To ensure the 
rationality of the data, the search results were filtered by first removing 
duplicate data samples and then limiting the data type to articles, 

reviews, and proceedings, with the final dataset comprising 228 articles. 
To evaluate the relevance of the literature selection to the research 

topic, initial vetting was implemented using a promising scientometric 
method for detecting trends and changes in scientific literature. Cite
Space is a software that allows the quantitative analysis of scientific 
literature and existing research results, presenting them in a visual 
format [20]. The study of high-frequency keywords can explain hotspots 
of research in a certain field over time. Fig. 3 illustrates the shifts in 
emphasis on various keywords related to BIPV research over a specified 
period. The size of the text in the figure represents the frequency of the 
keywords, the connection between the nodes indicates the connections 
established at different times, and the thickness of the connection in
dicates the strength of keyword co-occurrence. From 2017, terms 
centered around “system” and “solar energy” within building applica
tions. In 2018–2020, focus transitioned to “simulation,” “prediction,” 
and “geographic information system (GIS),” accompanied by increasing 
incorporation of artificial-intelligence methods such as “machine 
learning” or “neural network.” The phrase “digital twin” emerged as the 
most prominent keyword in 2021, indicating a growing interest in the 
digital replication and simulation of BIPV systems. In 2022, sustain
ability received more attention, and in 2023, research interest expanded 
to energy-management systems. 

Subsequently, the refinement process mandated the implementation 
of more rigorous discrimination standards to optimize the literature 
selection. Publications with limited examination of the full lifecycle 
activities pertaining to BIPV systems were removed, as were sources 
concentrated exclusively on electrical-network matters devoid of BIPV 
relevance. This curatorial workflow aimed to select literature addressing 
central matters related to BIPV systems, including their design, imple
mentation, maintenance, and integration with other renewable-energy 
technologies. After implementing these rigorous filters, the selection 
process resulted in a refined set of 70 papers for an in-depth analysis and 
review. Within this collection, 24 papers specifically focused on the 
application of DT-related technologies in the BIPV field, as listed in 
Table 1. Most of these studies investigated the role of DT technology in 
PV power stations and microgrid systems and are not directly related to 
BIPV; therefore, they are not grouped. 

Finally, this study examines the applications of DT technology within 
the BIPV domain, with a particular focus on its utilization across the 
entire lifecycle of BIPV systems, covering early design, construction, 

Fig. 2. Research process.  
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operational performance, maintenance needs, and end-of-life (EoL) 
management. Insights from such an analysis pave the way towards more 
sustainable and data-driven BIPV deployment. 

Findings 

Digital-twin applications in lifecycle management of BIPV 

Despite the growing trend in BIPV system installation, many issues 
still need to be addressed. According to the results of the review by 
Agathokleous et al. [21], the key barriers in BIPV systems include the 
following. 1) The performance-monitoring system is not used after 
installation. This is important, even for commissioning purposes, to 
ensure that the system operates as expected and for long-term moni
toring. 2) The expected system behavior is not displayed prior to 
installation. 3) The BIPV module is difficult to replace. 4) Health- and 
safety-related concerns (failures, fires, etc.). In this era of digital trans
formation in the AEC industry, DT technology offers new levels of 
transparency and efficiency. DTs can be used to create a virtual model of 
a physical entity, enabling optimized design, construction, and main
tenance. This can improve system design, reduce errors during the 
construction process, optimize system performance, and extend system 
lifespan through predictive maintenance. This section discusses the 
application of DTs in addressing several barriers to BIPV in detail. See 

(Table 2). 

Applications in the design stage 

Building-integrated distributed photovoltaic systems are widely 
recognized for their low carbon footprints and economic benefits, 
particularly when applied to building rooftops and facades. However, 
considering the shape, position, and nearby obstacles of buildings, 
which significantly influence the energy output of photovoltaic systems, 
design optimization is crucial. Traditional design methods cannot fully 
account for these environmental variables and their intricate in
terrelations. To address this, DT technology has emerged, allowing for 
the fusion and iterative optimization of physical and informational 
models. 

DT technology plays a significant role in the design of photovoltaic 
systems. First, it offers design teams precise analysis and simulation 
tools, ensuring that the entire design and implementation process is 
grounded in real and forecasted data. This approach can predict the 
system performance, identify potential issues, and optimize configura
tions to ensure optimal energy returns and lasting stability. Specifically, 
the DT system comprises five key layers: the physical layer describes the 
tangible features of the photovoltaic array; the perception layer in
tegrates data from meteorological stations and various sensors [22], 
providing real-time environmental factors for system design; the data- 
transmission layer manages this data and supports flexible trans
mission and storage strategies; the data-processing layer employs 
advanced algorithms, such as neural networks, for photovoltaic power- 
generation predictions [23,24]; and the decision-making layer offers 
guidance on the best layout and grid-connection strategies based on 
these predictions. A schematic of the working principle of BIPV in the 
design phase is shown in Fig. 4. 

BIM is primarily used to generate three-dimensional (3D) digital 
models of buildings, encompassing extensive details pertaining to their 

Fig. 3. 2017–2023 high-frequency keyword co-occurrence.  

Table 1 
Number of papers on the applications in phases of the BIPV life-cycle.  

Phases of the BIPV life cycle Number of papers 

Design stage 8 
Construction stage 6 
Operation and maintenance stage 8 
End-of-life management stage 2  

W. Wang et al.                                                                                                                                                                                                                                  
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design, construction, and operational processes. Conversely, DTs 
represent further evolution, leveraging the Internet of Things (IoT), data 
analytics, and simulation tools. They reflect the current state of a 
building and facilitate real-time updates by incorporating more complex 
and dynamic characteristics [25]. In the construction industry, most 
research pertaining to the application of DTs predominantly concen
trates on BIM, with particular emphasis on its utilization during the 
design and engineering stages. The primary distinction between BIM 
and DTs lies in their applications and objectives. BIM is principally 
employed to enhance the efficiency of architectural design and con
struction processes, predominantly during the early stages of a 

building’s lifecycle. By contrast, DT technology focuses on monitoring 
physical assets to augment operational efficiency and facilitate predic
tive maintenance [26]. 

By leveraging this symbiotic relationship, designers can delve deeply 
into various environmental variables in the early design stages, which 
not only enhances the energy output of the system but also optimizes 
investment returns. Current research on DT technology in the design 
phase of BIPV has made significant progress. Most studies focus on 
utilizing design platforms to optimize the positioning of photovoltaic 
arrays to ensure maximum power generation. This involves compre
hensive data collection and analysis of factors such as the building ge
ometry, orientation, surrounding environment, and position relative to 
neighboring structures. Ning et al. [27] proposed a uniform BIPV-design 
platform called e-BIM, which is a BIM-centric BIPV-design and − analysis 
software platform, to address related design concerns via a uniform data 
model, thereby achieving a seamless BIPV design for architects, PV 
system designers, and electricity professionals. In addition to aesthetics, 
shading must be considered in the BIPV-design process to exclude sur
faces that are unfeasible for solar-energy collection. Salimzadeh et al. 
[28] combined point clouds with BIM to optimize the location, size, 
number, and layout of PV panels to maximize solar radiation. In addition 
to BIM, a growing number of researchers have developed various digital 
technologies to provide 3D information for assessing the solar potential 
of urban areas. Suomalainen [29] developed a digital-surface model 
(DSM) of a city using LiDAR data to calculate the annual solar radiation 
on roofs, accounting for shadows from nearby buildings and trees. 
However, relying solely on LiDAR technology to acquire essential pa
rameters of buildings and their surroundings has certain limitations. The 
combination of LiDAR data and aerial orthoimagery can improve oc
clusion accuracy and spatial resolution [30]. LiDAR offers a quick 
method of gathering data; however, it is expensive and not ideal for 
widespread use. Thebault [31] proposed a GIS-based rooftop PV- 
suitability classification method for large cities to assess the feasibility 
of PV systems on a large urban scale. With the development of remote- 
sensing technology, acquiring 3D images and orthophotos through UAV 
photography has the advantages of high efficiency and precision. Dha
mankar [32] used unmanned aerial vehicles to map large roof areas to 
assess the potential for solar-system installation and presented a sum
mary of selected studies that applied DTs to support BIPV design. The DT 
technologies used were e-BIM, high-resolution elevation digital models, 
and lot models. Compared with traditional manual-measurement 
methods, digital technologies have advantages in terms of the cost, 
time, and resources required for large-scale areas. Polo et al. [33] 
compared the applications of a photo DSM based on Google Earth im
ages and LiDAR DSM based on LiDAR in the assessment of solar potential 
in urban environments. The photo DSM was more accurate in 

Table 2 
Selected literature on the applications of BIPV in the design phase.  

Physical 
entity 

Virtual 
entity 

Data connection 
between physical 
and virtual 
entities 

Benefits Ref. 

Shadow and 
radiation 
analysis 
of BIPV 

e-BIM IOT platform with a 
data 
synchronization 
engine 

Optimizing PV 
array deployment 

[27] 

BIPV facade High- 
resolution 
elevation 
digital 
models 

Lidar and ANN Improved 
monitoring 
strategy; 
Diagnosing 
performance 
anomalies 

[13] 

BIPV system IoT model Satellite images and 
ANN 

Power Prediction [34] 

BIPV roof at 
one of the 
Qatar 
Metro 
stations 

BIM model Genetic algorithm; 
smart objects 

BIPV array layout 
for maximum 
output 

[35] 

BIPV roof BIM model API Improved design 
efficiency; 
increased power 
output and 
reduced capital 
investment per 
unit power output. 

[36] 

BIPV system BIM model Point Cloud Maximized power 
generation 

[37] 

BIPV facade 3D 
modelling 

Lidar Determined 
optimal irradiance 
zones 

[38] 

BIPV system BIM model Smart objects Determining the 
optimal location of 
photovoltaic 
panels 

[39]  

Fig. 4. Schematic of BIPV working principle in the design phase.  
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representing building plans, whereas the LiDAR DSM was more reliable 
for height measurements. The importance of DSM accuracy for the solar 
assessment of complex buildings was emphasized, and future research 
directions were proposed to integrate the two technologies to improve 
assessment accuracy. 

Applications in the construction stage 

The construction phase occupies the most concentrated time, re
sources, and complexity in the building process. This stage not only 
requires continuous supervision of the project’s quality and progress, 
but also emphasizes safety, ensuring that each activity is carried out 
under safe conditions. Simultaneously, coordination between all rele
vant parties is necessary to ensure that the project progresses in line with 
the established plan. The application of DTs in construction primarily 
involves construction monitoring [40], on-site scheduling [41], con
struction safety [42], and human–machine collaboration [43,44]. Li 
et al. [45] developed and tested an integrated framework that combines 
DT technology and blockchain. They presented a case study involving a 
virtual-robot construction project. Through DTs, the robot structure 
maintains precision and accuracy throughout the construction process, 
thereby ensuring quality. The blockchain component ensures security of 
information and data for all stakeholders. Chen et al. [46] proposed an 
optimization strategy for camera layouts based on BIM by considering 
dynamic obstacles and changes in different work areas during the con
struction process. Kurien [47] developed a haptic feedback and real- 
time simulation system to capture the movements of construction 
workers in various architectural settings. The simulation results suggest 
that this system has the potential to mitigate health and safety risks 
faced by construction workers. Wang et al. introduced an interactive and 
immersive virtual-reality process-level digital twin system that facili
tates human-robot collaborative construction. In this paradigm, human 
workers are entrusted with high-level task planning and workflow su
pervision, while robots are tasked with workspace sensing, motion 
planning, and physical execution. The findings suggest that the system 
assists construction workers in transitioning from manual task per
formers to robot supervisors [48]. Cumo et al. [49] proposed a pro
duction model that integrates design, production, and installation to 
improve the efficiency of national residential buildings. This approach, 
centered on digitalization, production, and performance, employed 
advanced technologies for digital-building cataloging and dynamic 
simulations. These solutions reduced installation times by 60 % and 
costs by approximately 30 %. Tetik et al. [50] characterized digital 
construction as a technology-based operational-management approach 
aimed at enhancing construction performance through design reuse and 
minimizing manual interpretation. They identified three distinct 
implementation paths for this approach: (a) an as-built modelling-driven 
path, (b) a modular-product architecture-driven path, and (c) a path 
driven by algorithms and parametric design, facilitating progressive 
transformation in the construction industry. 

In the construction field, the application of DT technology has 
received considerable attention and has been the subject of extensive 
research. This technology offers a multitude of benefits in the archi
tectural domain, including real-time monitoring, the optimization of 
construction procedures, enhanced resource utilization, cost reduction, 
and the forecasting of building performance. These advantages are 
particularly significant in emerging sectors where the potential appli
cations of DTs are still being extensively explored. However, its appli
cation in BIPV seems to be less common than in traditional construction 
sectors. Addressing the challenges of ensuring the accurate installation 
of BIPV modules, facilitating real-time monitoring and forecasting of the 
system, and optimizing construction processes for improved efficiency 
are critical tasks that require imminent attention. Despite these chal
lenges, the fundamental principles and strategies of DTs established in a 
broader architectural context lay a robust foundation for overcoming 
these obstacles. Furthermore, the application of DT technology in the 

AEC sector can be applied equally to the BIPV field. 

Applications in the operation and maintenance stage 

In the operation and maintenance of BIPV systems, the attainment of 
optimal functional performance requires the identification and resolu
tion of impediments that substantially deter the efficiency and output of 
photovoltaic modules. BIPV installations are inherently vulnerable to an 
array of malfunctions including short-circuiting, bridging, and open- 
circuit phenomena [51–53]. These malfunctions are frequently caused 
by the dynamic and multifarious nature of exogenous variables such as 
solar irradiance, particulate deposition, and occlusion effects attribut
able to shadowing within the actual operational milieu. For example, the 
presence of dust and dirt on PV modules on roofs and shading can lead to 
a noticeable reduction in power output [54]. Del Pero et al. [55] 
examined the long-term reliability of c-Si photovoltaic [56] modules 
through the analysis of a 20-year-old BIPV system. Their investigation 
elucidated the influence of aging on performance degradation, under
scoring the critical need for vigilant monitoring, particularly beyond the 
15-year mark. The study revealed that a solitary module within the array 
suffered a catastrophic fault, resulting in total functional failure. 

In this context, continuous performance monitoring and data ana
lytics are indispensable. Such measures facilitate early identification of 
performance anomalies and system faults, enabling prompt corrective 
action to optimize energy generation. The aging and degradation of 
BIPV modules propelled by environmental stressors, such as UV radia
tion, moisture, and temperature variations, demand diligent mainte
nance practices and timely module replacement [55]. The regular 
inspection and testing of electrical components, including inverters, 
wiring, and connections, are crucial for ensuring the safety and func
tionality of the system. 

The use of DT technology presents substantial benefits for ensuring 
the long-term reliability of BIPV systems. DTs can primarily be used for 
the real-time surveillance and performance evaluation of photovoltaic 
modules and related electrical components. The integration of sensory 
apparatuses and data-acquisition devices into the corporeal BIPV 
infrastructure, coupled with their synchronization with the corre
sponding DTs, enables continuous monitoring of critical parameters 
such as temperature and energy output. Consequently, this integration 
facilitates the identification of any aberrations in the performance, 
malfunctions, or thermal-related anomalies. Jain et al. [57] presented 
the design methodology, mathematical analysis, simulation study, and 
experimental validation of a DT approach for fault diagnosis in rooftop 
and building-integrated distributed PV systems. The DT estimator and 
control logic were implemented on an IoT device (Artix-7 FPGA) to es
timate the outputs of a PV energy-conversion unit in real-time and 
perform fault diagnosis by comparing the estimated and measured 
outputs. The experimental results showed the successful detection and 
identification of ten different faults with fast detection and identification 
times. The proposed approach demonstrates a higher fault sensitivity 
than previous approaches. 

By modelling the degradation patterns and behavior of BIPV modules 
based on historical data, environmental factors, and other relevant pa
rameters, DTs can forecast the expected lifespan and degradation tra
jectory of the modules. This enables operators to proactively plan 
maintenance activities such as module replacements or cleaning 
schedules before significant performance deterioration occurs. 

Cappellen et al. utilized DTs to estimate the real-time junction, case, 
and heat-sink temperatures of a switching device in a PV boost con
verter. This approach combines both the electrical and thermal behav
iors of metal–oxide–semiconductor field-effect transistors (MOSFETs) to 
predict these temperatures accurately, providing valuable insights into 
the condition and performance of the MOSFET during operation [58]. 

Lin et al. [59] presented a simulation platform for analyzing and 
predicting the performances of BIPV systems. By comparing the simu
lation results with real data, the platform provides reliable predictions of 

W. Wang et al.                                                                                                                                                                                                                                  
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BIPV-system performance. This study identified key parameters that can 
be used to differentiate between aging and partial shading faults, as well 
as different types of short-circuit faults in BIPV systems. These findings 
emphasize the potential application of the accurate estimation of 
measurable outputs in BIPV systems to facilitate predictive 
maintenance. 

BIPV systems and building energy-management systems (BEMS) 
form a cohesive unit that improves building energy efficiency. BIPVs 
harness solar energy, whereas BEMS strategically distribute and manage 
solar energy. Their integration reduces overall energy consumption, 
promotes sustainable building operations, and supports smart grid 
demand-response, leading to smarter, greener buildings. DT technology 
significantly enhances the BEMS capabilities. By creating a sophisticated 
virtual model of the energy systems of a building, DTs provide a granular 
view of energy output and usage and enable predictive analytics. This 
real-time insight allows BEMS to participate in demand-response ini
tiatives more effectively by anticipating and adjusting to energy-demand 
peaks, shifting loads, and integrating renewable-energy sources. The 
predictive nature of DTs implies that a BEMS can proactively respond to 
utility price signals and demand incentives, thereby optimizing energy 
consumption and reducing costs. Furthermore, DTs enable the simula
tion of demand-response scenarios, enabling the BEMS to fine-tune 
strategies for energy reduction during peak periods without compro
mising occupant comfort. Razmara et al. [60] focused on the demand 
management of BIPV, exploring demand-response and flexibility pro
grams to reduce the peak demand of heating, ventilation and air- 
conditioning (HVAC) in an office building. They proposed an optimi
zation framework using predictive control modelling with mathematical 
models of solar panels, batteries, buildings, and grids. Zhou et al. [61] 
investigated the use of DTs in residential buildings and reinforcement 
learning (RL) to integrate distributed PV and energy-storage systems to 
meet residential-energy requirements. Similarly, Huang et al. [62,63] 
proposed a machine-learning-based demand-response calculation uti
lizing DTs, which is a computerized virtual reproduction of an astute 
home intended to oversee vitality in a manner that amplifies monetary 
advantages while ensuring client fulfillment. 

The application of DT technology to BIPV systems provides new 
opportunities to discover and test innovative solutions. By creating a 
virtual environment that replicates the complex conditions of the real 
world, DT allows managers to conduct comprehensive evaluations and 
optimizations of BIPV performance in pursuit of targeted objectives. 
Virtual experimentation facilitated by DTs enables a rapid cycle of 
learning and advancement, significantly reducing the risks, time, and 
costs associated with physical experimentation. 

Dagdougui et al. [64] explored the combination of electric vehicles 
with BIPV systems to model and develop a smart BEMS that optimally 
controls the operation of a building-integrated microgrid. The devel
oped algorithm was tested through a case study to evaluate the effects of 
loads and renewable-resource variabilities on BIM operation using nu
merical simulations. DTs provide a sophisticated platform for moni
toring, analysis, and optimization, as highlighted in Table 3, which 
details their application in the BIPV operation and maintenance phases. 

Applications in end-of-life management 

EoL [65] management is the process of handling and managing a 
product or system when it reaches the end of its useful life. In the context 
of BIPV, EoL management entails proper disposal, recycling, or reuse of 
BIPV components when the materials reach their lifespan [66]. This 
management is essential for ensuring responsible and sustainable 
handling of BIPV systems. The EoL-management process involves 
several key steps. First, the identification of when a BIPV system has 
reached its EoL is necessary. Once identified, the system is safely 
removed from the building structure and disassembled into its individ
ual components, ensuring the proper handling of hazardous materials. 
The next step is to assess the potential for material recovery, such as 

recycling or reusing components. Recycling involves extracting valuable 
resources through processing, whereas reuse involves salvaging com
ponents for other applications or installations. If certain components 
cannot be recycled or reused, proper disposal methods must be followed, 
adhering to local regulations and guidelines to minimize environmental 
impact and potential harm. Throughout the process, environmental 
considerations are crucial for assessing energy consumption, emissions, 
and waste generation to prioritize environmentally friendly practices. 
Effective EoL management promotes responsible waste management, 
resource conservation, and environmental sustainability in the BIPV 
industry. 

DT technology has emerged as a promising tool to address the 
scarcity of solutions in EoL BIPV management. However, the literature 
review revealed a gap in the direct application of DT technology to the 
EoL management of BIPV systems. Barni et al. [67] emphasized the 
potential of DT technology in revolutionizing sustainability assessment 
and optimization. By leveraging real-time data, predictive analysis, and 
optimization techniques, DTs can provide valuable insights and enable 
organizations to make informed decisions to improve their sustainability 
performances. The concept of transitioning towards a circular economy 
for managing EoL PV panels has been further explored in the literature 
[68]. While general discussions on PV recycling and the circular 

Table 3 
DT applications in BIPV operation and maintenance phase.  

Physical Model Virtual Model Aim Ref 

PV modules and related 
electrical components 

Mathematical 
model of solar- 
energy generation 

Real-time fault 
diagnosis to improve 
the reliability of BIPV 
systems 

[57] 

PV boost converter Mathematical 
model of solar- 
energy generation 

Estimating the real- 
time junction, case, 
and heat-sink 
temperatures of the 
switching device in a 
PV boost converter 

[58] 

PV modules and related 
electrical components 

Mathematical 
model of solar- 
energy generation, 
3D model of 
buildings 

Predictions of BIPV 
system performance. 
Identifying key 
parameters to 
differentiate between 
aging and partial 
shading faults, as 
well as different 
types of short-circuit 
faults in BIPV 
systems. 

[59] 

PV modules, batteries, 
buildings, and grids 

Mathematical 
models of EMS 

Utilizing solar energy 
to reduce peak 
demand of HVAC by 
demand-response 
program. 

[60] 

Electrical appliances, 
batteries, grid, and 
distributed PVs 

Mathematical 
models of EMS 

Leveraging solar 
energy optimizes 
residential energy 
management and 
decreases electricity 
costs. 

[61] 

Electrical appliances, 
batteries, grid, and 
PVs  

Mathematical 
models of EMS 

Propose and evaluate 
a machine-learning- 
based demand- 
response algorithm 
for PV-based smart 
homes considering 
energy management. 

[62,63] 

Roof-top solar PV, wind 
turbine, energy- 
storage unit, electric 
vehicle, micro- 
combined heat and 
power, metering 
infrastructure, and 
loads. 

Mathematical 
model of EMS, BIM 

Exploring a smart- 
building EMS that 
optimally controls 
the operation of a 
building-integrated 
micro-grid with 
electric vehicles. 

[64]  
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economy are prevalent, explicit examples of how DTs are employed in 
this context are lacking. 

The potential of DTs in this domain is multifaceted. DTs can be 
leveraged to simulate various EoL scenarios, enabling the forecasting of 
waste generation using models such as the Weibull reliability function 
[69]. This function can incorporate BIPV-specific variables, such as 
degradation patterns, historical performance data, and environmental 
impacts, to predict the timing and volume of waste more accurately. 

Additionally, DTs can support circular-economy strategies by simu
lating the effectiveness of recycling processes, refurbishment opportu
nities, and the feasibility of reusing BIPV components in new 
installations. For crystalline modules, DT can play a pivotal role by 
simulating and analyzing the demanufacturing processes associated 
with baseline industrial practices, thermochemical demanufacturing, 
and the delamination approach [70]. By creating a virtual replica of PV 
modules and conducting simulations, DTs enable a comparative 
assessment of each strategy regarding the material recovery yields, 
costs, and market value of the reclaimed materials. Through the appli
cation of data analytics, DT facilitates the evaluation of the environ
mental impact and resource consumption associated with each strategy. 
Furthermore, by integrating a life-cycle cost analysis, DT enables the 
assessment of the overall revenues derived from the incorporation of 
material-recovery benefits within the EoL process. By considering these 
critical factors, DT technology provides valuable insights into the most 
efficient, cost-effective, and sustainable strategy for demanufacturing 
PV modules, thereby facilitating informed decision-making in the se
lection of an appropriate EoL strategy. 

In summary, although the current literature provides foundational 
knowledge on PV recycling and the circular economy, it falls short of 
presenting concrete applications of DT technology in EoL BIPV man
agement. Future studies should develop DT models tailored to BIPV 
systems and demonstrate how these models can inform and improve EoL 
management practices. The development and application of such DT 
models are crucial for advancing sustainable EoL strategies in the BIPV 
industry. 

Discussion 

The integration of BIM and DT serves as a platform for information 
fusion. For example, during the design phase, advanced simulation 
technologies can be employed to optimize the photovoltaic layout, 
thereby maximizing energy-generation efficiency. This includes 
analyzing the impact of different layouts on sunlight reception to predict 
and enhance the overall performance of the system. Furthermore, DT 
technology can facilitate the identification of potential state failures at 
the design stage, thereby providing vital information for subsequent 
iterative improvements. This enables the refinement of the asset design 
at an early stage, thereby ensuring the accuracy and reliability of the 
design. In the maintenance phase, the integration of DT allows for real- 
time monitoring and analysis of BIPV systems. This capability extends to 
the prediction and identification of failures as well as an in-depth 
analysis of their causes, enabling rapid maintenance responses. 

Current DT technology faces distinct challenges across the different 
stages of its lifecycle. First, at the design stage, the lack of user-friendly 
software systems that can effectively merge DT technologies with BIPV- 
system design remains a challenge. This is largely because BIM-based DT 
software differs significantly from BIPV design and simulation tools such 
as PVsyst and Rhino-based toolkits, making seamless integration chal
lenging. The second key challenge lies in the operation stage: the 
development of cost-effective and systematic data-collection systems 
that can couple with the operation signal-feedback system is urgently 
required for the real-time monitoring and management of buildings. 
These include improvements in data collection, processing technologies, 
and data integration to accurately represent the interrelated behaviors 
and performance of these elements. The effectiveness of DTs largely 
depends on the availability and quality of the real-time data provided by 

sensors and monitoring systems. Challenges in this domain involve 
obtaining high-quality and reliable data from various sources (e.g., 
background-noise filters). Additionally, policies and guidelines that 
support DT-BIPV promotion, as well as professional training programs 
tailored for the AEC industry, are highly desired to foster a more pro
found understanding and adoption of DT technologies. 

Addressing the challenges presented by integrating DT and BIPV 
systems requires targeted research and development in several critical 
areas. A pivotal step involves the creation of detailed design criteria 
tailored for decision makers, such as architects, building engineers, and 
clients, including government bodies and real-estate owners. This set of 
criteria must comprehensively address key performance indicators such 
as energy-generation potential, initial investment cost, and expected 
payback period. The incorporation of this system into a DT-BIPV design 
and operation platform represents a significant advancement in this 
field. This integration facilitates a deeper understanding among de
signers and clients regarding the overall performance of various BIPV 
designs. By presenting a clear comparison between the proposed and 
alternative solutions, this platform can significantly streamline the 
decision-making process, allowing for more informed choices based on 
real-world scenarios. 

To enhance the utility and accessibility of the DT-BIPV platform 
further, its integration must be ensured early in the design stage, tar
geting architects and building engineers as primary users. Expanding the 
platform’s reach through the development of a smartphone-based 
application can offer on-the-go access to vital information, making 
design and decision processes more flexible and responsive to stake
holder needs. 

Moreover, the application of virtual reality and augmented reality 
technologies can significantly improve the user experience of DT-BIPV 
design and operation platforms. DTs not only replicate the physical 
characteristics of BIPV components but also simulate their behavior 
under a variety of environmental conditions, such as exposure to sun
light, temperature variations, and weather impacts. This level of virtual 
visualization enables the optimization of the BIPV design in terms of 
energy efficiency, aesthetic integration, and structural compatibility 
with buildings. Furthermore, the DT platform can function as a collab
orative tool with which stakeholders can interact, implement modifi
cations, and immediately understand the implications of their design 
choices. By enabling immersive and interactive visualizations of BIPV 
designs and performance metrics, these technologies can facilitate 
clearer communication and understanding among all stakeholders 
involved. 

Overall, by focusing on these areas of research and development, 
stakeholders can effectively address the challenges associated with 
integrating DT and BIPV systems, paving the way for more sustainable, 
efficient, and user-friendly designs and operational practices in the 
construction industry. 

Conclusion 

The application of DTs in the BIPV field has the potential to enhance 
operational efficiency and productivity throughout the entire lifecycle of 
BIPV by utilizing precise real-time status monitoring, predictive anal
ysis, system-behavior simulation, and comprehensive process optimi
zation strategies. One contribution of this study is the identification of 
DT technologies that are applicable throughout the lifecycle of the BIPV 
domain. This includes five key layers of DT-technology application in 
BIPV systems, as well as data-related technologies, modelling tech
niques, and simulation technologies. Another contribution of this study 
is the clarification of existing research gaps and important suggestions 
for future development directions. The potential of robotic technology 
for accurate and safe handling and installation of photovoltaic compo
nents, combined with the deployment of cleaning robots for mainte
nance, opens new avenues for improving the efficiency, safety, and 
sustainability of building practices. In future developments, DT 
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technology will play a central role in the design phase of BIPV systems, 
particularly through the construction of detailed virtual models to 
analyze the system performance. Such advancements will not only 
enhance the energy efficiency and aesthetic integration of designs, but 
also strengthen the structural compatibility of BIPV components with 
buildings by simulating their behavior under various environmental 
conditions. In addition, as a multifunctional collaborative platform, DTs 
can more efficiently adjust and evaluate design decisions in real-time. 
Future research should focus on the effective use of real-time data to 
continuously optimize and update these virtual models, thereby 
improving the accuracy and reliability of the simulations. In summary, 
the integration of DT technology in BIPV systems is a pivotal step to
wards enhancing efficiency, safety, and reliability throughout the 
building lifecycle. 
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[56] Macé P, et al., Development of BIPV Business Cases (Guide for stakeholders). 2020. 
[57] Jain P, Poon J, Singh JP, Spanos C, Sanders SR, Panda SK. A digital twin approach 

for fault diagnosis in distributed photovoltaic systems. IEEE Trans Power Electron 
2020;35(1):940–56. 

[58] Cappellen LV, Deckers M, Alavi O, Daenen M, Driesen J. A real-time physics based 
digital twin for online MOSFET condition monitoring in PV converter applications, 
in 2022 28th International Workshop on Thermal Investigations of ICs and Systems 
(THERMINIC), 2022, pp. 1-4. 

[59] Lin W, Ma Z, Li K, Tyagi VV, Pandey AK. A dynamic simulation platform for fault 
modelling and characterisation of building integrated photovoltaics. Renew Energy 
2021;179:963–81. 

[60] Razmara M, Bharati GR, Hanover D, Shahbakhti M, Paudyal S, Robinett RD. 
Building-to-grid predictive power flow control for demand response and demand 
flexibility programs. Appl Energy 2017;203:128–41. 

[61] Zhou J, Yang M, Zhan Y, Xu L. Digital twin application for reinforcement learning 
based optimal scheduling and reliability management enhancement of systems. Sol 
Energy 2023;252:29–38. 

[62] Huang J, Koroteev DD, Rynkovskaya M. Machine learning-based demand response 
in PV-based smart home considering energy management in digital twin. Sol 
Energy 2023;252:8–19. 

[63] Yuan G, Xie F. Digital Twin-Based economic assessment of solar energy in smart 
microgrids using reinforcement learning technique. Sol Energy 2023;250:398–408. 

[64] Dagdougui Y, Ouammi A, Benchrifa R. high level controller-based energy 
management for a smart building integrated microgrid with electric vehicle. Front 
Energy Res 2020;8:535535. 

[65] Ahn K-U, Kim Y-J, Park C-S, Kim I, Lee K. BIM interface for full vs. semi-automated 
building energy simulation. Energ Buildings 2014;68:671–8. 

[66] Gholami H, Rostvik HN, Kumar NM, Chopra SS. “Lifecycle cost analysis (LCCA) of 
tailor-made building integrated photovoltaics (BIPV) facade: Solsmaragden case 
study in Norway,” (in English). Sol Energy 2020;211:488–502. 

[67] Barni A, Fontana A, Menato S, Sorlini M, Canetta L. Exploiting the digital twin in 
the assessment and optimization of sustainability performances. In: in 2018 
International conference on intelligent systems (IS). IEEE; 2018. p. 706–13. 

[68] Sica D, Malandrino O, Supino S, Testa M, Lucchetti MC. Management of end-of-life 
photovoltaic panels as a step towards a circular economy. Renew Sustain Energy 
Rev 2018;82:2934–45. 

[69] Gautam A, Shankar R, Vrat P. End-of-life solar photovoltaic e-waste assessment in 
India: a step towards a circular economy. Sustainable Production and Consumption 
2021;26:65–77. 

[70] Gangwar P, Kumar NM, Singh AK, Jayakumar A, Mathew M. “Solar photovoltaic 
tree and its end-of-life management using thermal and chemical treatments for 
material recovery,” (in English). Case Studies in Thermal Engineering 2019;14. 

W. Wang et al.                                                                                                                                                                                                                                  

http://refhub.elsevier.com/S2213-1388(24)00251-0/h0240
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0240
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0240
https://doi.org/10.3390/en15186689
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0250
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0250
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0250
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0255
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0255
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0260
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0260
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0260
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0265
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0265
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0265
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0270
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0270
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0270
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0275
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0275
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0275
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0285
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0285
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0285
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0295
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0295
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0295
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0300
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0300
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0300
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0305
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0305
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0305
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0310
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0310
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0310
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0315
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0315
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0320
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0320
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0320
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0325
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0325
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0330
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0330
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0330
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0335
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0335
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0335
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0340
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0340
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0340
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0345
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0345
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0345
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0350
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0350
http://refhub.elsevier.com/S2213-1388(24)00251-0/h0350

	From BIM to digital twin in BIPV: A review of current knowledge
	Introduction
	Bibliometric analysis of BIPV-DT research
	Findings
	Digital-twin applications in lifecycle management of BIPV
	Applications in the design stage
	Applications in the construction stage
	Applications in the operation and maintenance stage
	Applications in end-of-life management

	Discussion
	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	References


