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Abstract According to contemporary challenges of digital evolution in manage-
ment and maintenance of construction processes, the present study aims at defining 
valuable strategies for building management optimization. As buildings’ and infras-
tructures’ Digital Twins (DT) are directly connected to physical environment through 
the Internet of Things (IoT), asset management and control processes can be radi-
cally transformed. The proposed DT framework connects building information model 
(BIM) three-dimensional objects to information about the planned maintenance of 
components, supplying system’s self-learning capabilities through input data coming 
from Building Management Systems (BMSs), ticketing, as well as maintenance activ-
ities’ data flow both as-needed or unexpected. The concept of real-time acquisition 
and data processing set the basis for the proposed system architecture, allowing to 
perform analysis and evaluate alternative scenarios promptly responding to unex-
pected events with a higher accuracy over time. Moreover, the integration of artifi-
cial intelligence (AI) allows the development of maintenance predictive capabilities, 
optimizing decision-making processes and implementing strategies based on the 
performed analysis, configuring a scalable approach useful for different scenarios. 
The proposed approach is related to the evolution from reactive to proactive strate-
gies based on Cognitive Digital Twins (CDTs) for Building and Facility Manage-
ment, providing actionable solutions through operational, monitoring and mainte-
nance data. Through the integration of BIM data with information systems, BMS, 
IoT and machine learning, the optimization and real-time automation of maintenance 
activities are performed, radically reducing failures and systems’ breakdowns. There-
fore, integrating different technologies in a virtual environment allows to define 
data-driven predictive models supporting Building Managers in decision-making 
processes improving efficiency over time and moving from reactive to proactive 
approaches. 
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8.1 Introduction 

The new Industrial Revolution (Oliveira and Afonso 2019) is related to digital 
automation enhancing quality and effectiveness of processes. 

The construction sector is facing such a slow digital growth named Construction 
4.0 involving new digital strategies based on technologies, connectivity, devices and 
cloud platforms. Interoperability of data and automation of processes are some of 
the main goals toward decision-making systems’ decentralization, even though the 
construction industry is still appearing resistant. 

Internet of Things (IoT), smart sensors, cloud computing, 5G networks, Extended 
Reality (XR) and Digital Twins (DT) are new paradigms of Construction 4.0 in the 
operation and maintenance (O&M) phase, which actually represents one of the higher 
costs of a building’s life cycle (30%), as observed by Mourtzis et al. (2017). 

New building maintenance strategies based on digital systems and data-driven 
technologies introduce proactive approaches to Facility Management (FM) of 
building systems such as failure prediction, effort estimation, or energy consumption 
optimization (Jasiulewicz-Kaczmarek et al. 2020). 

Predictive maintenance is the main objective of such data-driven strategies, which 
can provide up to 630 billion in maintenance savings in 2025, as observed by 
McKinsey (2022). 

In O&M 4.0, fault prediction and production efficiency are enabled by two main 
components: (a) sensor data and (b) data analysis across the entire life cycle of assets 
from design to the operation and maintenance phase. 

In this regard, the present study aims at investigating different O&M strategies 
introducing the use of Digital Twins (DTs). In fact, the Building Management phase 
could be redefined using DT-based solutions for virtual and physical integration (Qi 
and Tao 2018) providing new DT-enabled strategies for operation and maintenance 
optimization. 

8.2 Digital Twin Paradigm in Operation and Maintenance 

8.2.1 Digital Twin Definitions 

The concept of DT first appeared in 2002, and since then, many definitions evolved 
over time. In 2012, Dr. Michael Grieves introduced a first clear definition of the DT 
concept as the connection of data between physical and virtual products (Grieves 
and Vickers 2017). This enabling information set consists of data related to the 
assets such as geometry, operational and technical information up to their functional 
behavior. In this regard, Rosen defined the DT as a mirror between physical and 
virtual objects allowing data analysis across the entire asset life cycle (Rosen et al. 
2015). Moreover, the concept of DT is enabled by algorithms for data-driven actions 
and decision-making systems. In fact, the effective relation between physical and
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Fig. 8.1 Digital model, digital shadow, and digital twin (Kritzinger et al. 2018) 

digital is enabled by data acquisition systems and processing technologies, with the 
aim of providing predictive capabilities (Liu et al. 2019) in order to promptly respond 
to the unexpected. 

Specifically, DTs are composed of three main parts: physical, virtual and the 
connection between them. As mentioned, the DT is considered as a virtual mirror 
describing the physical properties of the system, delivering and receiving information 
(Tharma et al. 2018) for control, monitoring and decision-making processes. 

An effective DT needs to be always connected and synchronized while running 
simulations of the physical counterpart over time. Depending on data flow and inter-
action levels between physical and digital, DT is defined in different key levels 
(Fig. 8.1) (Kritzinger et al. 2018): 

• Digital Model—data flow between physical and digital is full-manual. 
• Digital Shadow—only data flow from physical to digital is automatic. 
• Digital Twin—data flow between physical and digital is bidirectionally automatic. 

In the third level, the DT acquires data from sensors or on-site inspections, and it 
is also able to provide insights in terms of actions to be performed on the physical 
asset, such as the maintenance tasks as resulted from the status information acquired 
from sensors. 

8.3 Maintenance Strategies and DT Application 

In this paragraph, different maintenance strategies are analyzed and related to 
potential outcomes from DT implementation as defined in Table 8.1.

Reactive maintenance—it consists of maintenance activities not previously planned 
and caused by breakdowns (Swanson 2001) resulting in renewal of the damaged asset 
and causing big impacts on costs due to service interruption and production delays, 
etc. 

As this type of maintenance approach is based on asset repairing, DTs can be 
applied to promptly detect failure’s causes through models and simulations. However, 
the application of DTs determines improvements in the use of proactive maintenance 
approaches.
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Table 8.1 Maintenance strategy and potential outcomes from DT implementation 

Maintenance strategy Definition Implementation of DTs 

Reactive maintenance Unplanned maintenance 
resulted from breakdowns and 
damaged assets 

DTs allows failure detections 
through models and 
simulations 

Preventive maintenance Proactive strategy defined by 
asset managers aimed at 
preventing or reducing failures 

DTs can improve maintenance 
planning through data-driven 
strategies 

Condition-based maintenance Deviation monitoring from 
asset’s optimal behavior 
through IoT, connectivity and 
cloud computing technologies, 
anticipating a planned 
maintenance activity 

Data acquisition from sensors 
supplies analytical models 
creating a real-time knowledge 
base for cognitive systems 

Predictive maintenance Predicting a system’s 
remaining life by merging data 
from different sources through 
data-driven or model-driven 
approaches 

DTs analyze the asset’s current 
state and behavior resulting in 
valuable predictions of 
component breakdowns 

Prescriptive maintenance Optimization of maintenance 
predictions using historical and 
real-time data and resulting in 
proactive activity plans 

CDTs provide actionable 
information on maintenance 
activities enabled by artificial 
intelligence based on historical 
and real-time data

Preventive maintenance—it is a proactive maintenance strategy aimed at preventing 
or reducing breakdowns (Shafiee 2015) in order to minimize/avoid service interrup-
tions. This approach is based on the asset manager’s experience who defines time 
and frequency and planning service interruption (Bashiri et al. 2011). This strategy 
is based on over-maintaining strategies ensuring safety and productivity but still 
resulting in higher costs. 

In this scenario, DTs can provide great improvements through data-driven plan-
ning systems for maintenance activities as it is traditionally developed by asset 
managers. 

Condition-based (CBM) maintenance—it is based on monitoring the deviation 
from asset’s optimal behavior through the use of IoT, connectivity and Cloud 
computing technologies, usually resulting in anticipating a planned maintenance 
activity (Nikolaev et al. 2019). This kind of approach can be improved by artificial 
intelligence systems acquiring and processing maintenance actual data over time 
(Mabkhot et al. 2018). 

Following CBM strategies, sensors and real-time communication provided by the 
configuration of DTs help improving and supporting decision-making. 

Data acquisition from sensors supplies the analytical models creating a knowledge 
base for cognitive systems resulting in asset condition representation for real-time 
monitoring.
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Predictive maintenance—it is based on simulating and predicting a system’s 
remaining lifetime combining and analyzing data from different sources (Fang et al. 
2017; Werner et al. 2019) through data-driven approaches based on the availability 
of a large amount of sensors’ data providing information on the asset state. Data 
analysis algorithms are performed and provide results based on data processing (Liu 
et al. 2018). This data-driven strategy is based on mathematical analytical models 
describing the component degradation (Sivalingam et al. 2018). 

As abovementioned, Digital Shadows are introduced in CBM and predictive 
maintenance, as the Digital Model is automatically provided with state information. 

DTs are based on predictive models evaluating and analyzing the asset’s 
current state and behavior resulting in valuable predictions of possible component 
breakdowns. 

Prescriptive maintenance—it is based on the optimization of maintenance merging 
historical and real-time data and resulting in proactive activity plans based on predic-
tion (Consilvio et al. 2019; Matyas et al. 2017) in order to optimize cost, productivity, 
service and safety. 

In prescriptive maintenance strategies, the integration of DTs is essential, as they 
provide actionable information on maintenance activities based on historical and 
real-time data. This integration involves the DT in a sort of activities’ recommenda-
tion systems for operators through data analytics and artificial intelligence-enabled 
Cognitive Digital Twins (CDT). Despite progresses in this research field, applica-
tions of such CDT-based prescriptive maintenance are still only found in energy and 
manufacturing industry. 

Adopting proactive strategies in maintenance is necessary to avoid breakdowns 
and detect inefficiencies by constantly monitoring the asset. In this way, real-time 
information is obtained, and behavior analysis is constantly performed allowing 
prompt diagnosis when failures occur. 

Such proactive approach can be evolved combining historical and real-time data 
analysis through predictive models, resulting in failure prediction. This strategy 
can be applicable to several contexts and sectors where maintenance costs are high 
(Tao et al. 2019), allowing advantages such as limited downtimes and breakdowns, 
cost savings, enhanced productivity, clearly defined maintenance activities, reduced 
energy consumption, enhanced asset security. 

In the diagram below (Fig. 8.2), information needed and monitoring approaches 
in proactive and reactive maintenance strategies are compared, and the CDT scenario 
is introduced.

The creation of accessible cloud-based CDTs providing real-time status infor-
mation is a good chance to improve advanced predictive strategies, optimizing and 
reducing unnecessary activities (Tang et al. 2018; Pivano et al. 2019;Liewet al.  2019). 
In this regard, Immersive Extended Reality (XR) is also a valuable technology to 
visualize data and show component failures.
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Fig. 8.2 CDT proactive strategies versus reactive maintenance

8.4 COGNIBUILD—A Cognitive Digital Twin Framework 
for Building Maintenance 

When integrating asset, operational and historical data from a variety of sources, 
data availability becomes a prominent issue. 

Big Data Management platforms enabling scalability, replicability and ubiquity 
are needed, optimizing data fusion and improving data models. Also, cybersecurity 
and blockchain are elements to be considered for ensuring data security (Longo et al. 
2019). 

As mentioned, the use of DTs is scalable and applicable in different maintenance 
approaches; for example, in preventive strategies, DTs can be used in the plan-
ning scheduling phase. In CBM, DTs provide real-time asset and health monitoring 
obtaining predictive solutions. 

In this regard, DT systems need data from different sources in order to predict the 
evolution of asset’s degradation based on the acquired operational data. 

To this end, improvements in collecting and integrating information in data 
warehouses are still necessary. 

Implementing asset monitoring in building management based on IoT technolo-
gies may overcome the lack of data (Kraft and Kuntzagk 2017), as well as the use of 
building information models (BIMs) as a data source. Also, synthetic simulated data 
could be a solution as long as a methodology for simulation scenarios is well-defined. 

Even, data quality is a challenge to be overcome through specific algorithms for 
data preprocessing to improve the integrity of monitored data.
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In the proposed scenario, building management and maintenance operations can 
be based on predictive systems, reducing operating costs, malfunctions and break-
downs through DT-enabled intelligent systems, developing cognitive capabilities and 
analyzing data from different sources (Raza et al. 2020). 

The COGNIBUILD approach is based on the development of DTs from infor-
mation modeling (BIM) connecting three-dimensional objects to operation and 
maintenance data. The model acquires self-learning capabilities analyzing input 
data coming from BMS systems, ticketing and through AI algorithms processing 
expected/unexpected events. 

Therefore, AI systems enable cognitive and predictive capabilities on mainte-
nance activities, optimizing decision-making processes and implementing prescrip-
tive strategies based on data analysis. In this regard, the proposed framework is 
characterized by scalability and replicability on different contexts. 

Then, BIM data represent a fundamental part of the DT, as it reproduces 
geometric and informative characteristics in a three-dimensional database, where 
the objects/components of the model are filled with specific attributes describing 
their functional/performances/operational data. 

Receiving input and signals from sources like sensors, Building Management 
System (BMS) and Building Energy Management Systems (BEMS) or ticketing 
systems for maintenance operations, etc., the DT enriches its knowledge base 
developing self-learning and predictive capabilities enhanced by AI algorithms. 

Digital Management Systems can be valuable sources for real-time data manage-
ment of information related to the life cycle of buildings, enabling what-if analysis 
and simulations of scenarios for decision-making. 

The proposed CDT framework (Fig. 8.3) is based on (a) BIM maintenance data 
directly connected and updated by (b) BMS systems, (c) ticketing systems and (d) 
computer vision-based sensors. In this context, (a) provides checklists and main-
tenance scheduling as planned, as well as (b), (c) and (d) allow the generation of 
maintenance intervention sheets. 

Fig. 8.3 Cognitive digital twin-based maintenance strategy
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Therefore, planned checklists and data coming from sensors and maintenance 
systems are analyzed by machine learning algorithms, comparing expected and unex-
pected events and resulting in a new prescriptive maintenance frequency according 
to the following algorithm: 

Mp = Mppl − [
Mppl ∗ (fr − frth)

]

• fr is the real failure rate. 
• frth is the threshold limit of the failure rate. 
• Mppl is the planned maintenance frequency. 
• Mp is the new CDT-based maintenance frequency. 

According to the abovementioned, the CDT analyzes the scheduled maintenance 
cycle of components through statistical model-based evaluations resulting in updated 
frequency for the component maintenance. 

If the failure rate is minor than 5%, then the planned maintenance frequency is 
considered as adequate and does not need to be shortened or updated. 

8.5 Conclusions 

Evolving from corrective to prescriptive maintenance strategies is a gradual process 
involving the application of DTs (Mihai et al. 2021). 

Regulatory issues may exist for operation and maintenance approaches in critical 
assets as well as in potentially impactful contexts. According to the abovementioned, 
many operators still follow preventive and over-maintaining management strategies. 

Moving forward to DT-based prescriptive approaches needs a correct classifica-
tion of activities and a complete integration of advanced technologies such as cloud 
computing, data processing, IoT, data warehouses, data models, communication 
networks, cybersecurity and blockchain. 

In this scenario, the proposed concept of CDT is based on automated interac-
tions between physical and digital allowing advances in maintenance strategies and 
building management. 

Barriers in data quality and availability can be overcome by the integration of IoT 
systems. The COGNIBUILD system introduces maintenance procedures based on 
the optimization of performed activities (Agostinelli et al. 2021), combining real-
time and historical data and providing solutions in terms of valuable recommendation 
strategies using machine learning. 

In this research scenario, progresses in cognitive technologies, artificial intelli-
gence and calculation will provide enhanced capabilities to achieve a full-digital 
self-learned operation and maintenance approach.
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