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Abstract: The performance of a building decreases with time and this process is
accelerated if proper maintenance is not carried out. This paper presents a discussion
about the importance of predictive maintenance actions to enhance the condition of
existing buildings. An approach based on Bayesian networks (BN) is proposed to
predict the condition of a building. The proposed approach consists of a conceptual
and generic model, including the factors with more influence in the condition of a
building, which were identified by a literature review. The relationships between
these factors and a discussion about the application of this model in maintenance
decision-making are provided.
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1 INTRODUCTION

Buildings tend to reduce their performance in terms of condition and increasingly fail to
meet users' needs, requirements and expectations (Gaspar and Brito 2005) unless proper
maintenance is carried out (Wilde et al. 2011). Maintaining the condition of a building and
preventing the degradation of its elements and systems depends on decisions involving
maintenance tasks, which are made based on various sources of facility data such as
inspections and sensors (Chen et al. 2013). Lack of decision-making hinders the
optimization of building condition and results in cost overruns by inefficient building
maintenance operations associated with unnecessary interventions or urgent repairs (Silva
et al. 2016). The rate of degradation of the built environment in Europe is of enormous
economic and technical importance, since about half of the expenditure in the construction
industry is spent on repair, maintenance and remediation (Balaras et al. 2005).

In order to minimize excessive expenses with reactive maintenance, predictive
maintenance approach should be supported in nowadays Facility Management (FM)
activities (Akcamete et al. 2010). Predictive maintenance is based on the asset condition
with the aim to eliminate unexpected breakdowns, minimize unscheduled downtimes and
consequently reduce maintenance costs (Wu et al. 2007). Predictive maintenance
originates from the manufacturing industry and there are few reported studies that
evaluate the application of this approach on building elements. Capturing reliable data
about degradation factors is crucial to assess the condition of building elements. A number
of parameters like the quality of the materials, the local weather conditions and the lack
of maintenance can greatly influence the degradation process (Balaras et al. 2005).
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The aim of this study is to provide a support in the decision-making of predictive
maintenance actions, in order to enhance the condition of existing buildings. This paper
reports an ongoing research project which proposes the use of Bayesian networks (BN)
based approach to predict the condition of existing buildings and help predictive
maintenance. BN is a probabilistic graphical model that represent a set of variables and
their probabilistic dependencies. BN use computational model for human reasoning,
namely, the mechanism by which people integrate data from multiple sources to create
coherent interpretations of that data (Pearl 1988). As a starting point of this investigation,
this study concentrates on the assessment of the factors that affect building condition, and
how these factors are interrelated in a BN model.

2 BACKGROUND

2.1 Predictive maintenance

Maintenance management is a key branch in the extensive field of FM, as it is the focus
of most FM activities. There are many maintenance activities in a building, including but
not limited to actions on scheduling, procedures, work control, optimization of routine,
preventive and predictive actions with the aim to increase efficiency, reliability and safety
of buildings (Sullivan et al. 2010). Predictive maintenance is concentrated on detecting the
system degradation and to conduct maintenance on the actual condition of the element
under analysis (Sullivan et al. 2010). Once a fault is detected, the condition of the element
should be monitored regularly to avoid emergencies. It has originally been used in
industrial plants to predict the performance of machines by applying techniques such as:
lubricant analysis, vibration analysis, thermography, penetrating liquids, radiography, and
control of corrosion (Edwards et al. 1998).

In addition to machines, this approach can be applied to the elements of a building
(Chen et al. 2013), which depend on the condition assessment of the building estimating
the risk of the degradation process (Flores-Colen et al. 2010). Addressing risk in building
condition evaluation is significant, since several studies have shown that poor building
performance presents risks towards the safety and health of its users (Khalil et al. 2016).
The problem is that risk is associated with many factors that are not independent and their
relations are uncertain. To deal with this problem consistently and effectively, there is a
need of a rigorous method for quantifying uncertainty.

2.2 Bayesian networks

BN is a powerful tool in artificial intelligence to model risk with uncertain data and have
been extensively used to develop decision support systems in a variety of domains (Nguyen
et al. 2016). Although it has been an attractive technique to examine a range of issues in
the construction industry (Wang et al. 2014), it is still relatively new in this field (Nguyen
et al. 2016). This tool is a combination of two different parts: graph theory and probability
theory. BN are consisted of a directed acyclic graph (DAG) and an associated set of
conditional probability tables (CPTs) (Pearl 1988). The nodes of the DAG represent
random variables with a finite set of states and the edges correspond to probabilistic causal
dependence among the variables (Pearl 1988). The CPT represents the conditional
probability distribution between the variables. The analysis of how much a specific node
is influenced by other nodes is possible by sensitivity analysis (Khodakarami and Abdi
2014). Among the advantages of BN, Uusitalo (2007) highlights the suitability for small
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and incomplete data sets, the possibility to combine different sources of knowledge and
the ability to model causal relationships between variables.

3 BN FOR BUILDING CONDITION PREDICTION

3.1 Identification of factors

There have been some initiatives with different approaches to predict the condition of a
building. These studies are related to degradation factors that affect building condition,
and in general they are related to the technical performance of a building (Liitzkendorf et
al. 2005). Technical performance is related to structural, physical and well-functioning
building equipment.

Some studies have analysed degradation factors related to the environmental agents.
The condition of buildings depends on the climate they are exposed to (Wilde and Coley
2012; Wu et al. 2010), such as sunlight, rain, frost action, humidity, condensation, wind
and pollution (Olanrewaju and Abdul-Aziz 2015). There are also factors influencing the
degradation process related to building characteristics, like the quality of components and
materials (Rodrigues et al. 2011; Sulakatko et al. 2014), the age of the building (Flores-
Colen et al. 2010), the efficiency of equipment (Heo et al. 2012).

Other studies have focused on building defects, which play an important role in
increasing the effectiveness of building maintenance strategies (Pereira et al. 2013). Defect
is the term used to define a failing or shortcoming in the function, performance, statutory
or user requirements of a building, and might manifest itself within the structure, fabric,
services or other facilities of the affected building (Watt 1999). Usually, previous studies
have identified defects and their probable causes with focus on a specific building element
or system, such as facade (Chew et al. 2004; Pereira et al. 2013; Sulakatko et al. 2014;
Serralheiro et al. 2017), wet areas (Chew et al. 2004), electrical and plumbing systems (Das
and Chew 2011).

Sullivan et al. (2010) highlighted the importance of regularly cleaning and inspecting
the systems in a building. For example, the deterioration of a chiller is highly associated
to the contamination of tubes, which can be recovered by using chemical cleaning (Wilde
et al. 2011). Inspections can aid to define the status of an equipment as well as establish
appropriate actions to prevent defects (Mathew 2004). Some defects are unrevealed and
can be detected only at scheduled inspections (Taghipour et al. 2010). This is related to
preventive maintenance actions ruled by regulations. Mandatory building inspections
ensure that a building is safe and its environment is healthy (Chan et al. 2014). Another
important factor is the tracking of complaints of end users by Computerized Maintenance
Management Systems (CMMS), as well as data gathered from Building Management
Systems (BMS) that monitor and detect defects of mechanical and electrical equipment
such as lighting, heating, ventilating and air-conditioning systems (Picon et al. 2013).

In short, the factors with more influence in the condition of buildings are related to the
following categories: (1) environmental agents, (2) building properties, (3)
defects/complaints and (4) building maintenance actions. A important prerequisite was to
identify factors related only to the operational phase of the building lifecycle, therefore,
factors related to building design or the quality of the construction work are outside the
scope of this work.
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3.2 BN model design

A BN model involves factors that can be classified in accordance to their purposes: a
trigger node is an initiating event, an event node characterizes the impact, a control node
is a way to stop the trigger event, and a mitigant node helps avoid the final consequence
(Fenton and Neil 2011). The factors identified in the previous section were used to design
a generic BN model for predicting the condition of a building (Figure 1).

The model depends on the condition of the different elements and systems. The
condition of an element can be determined by the defects detected in an inspection, the
defects detected in BMS and the complaints gathered from CMMS. Moreover, the
condition loss of an element can be mitigated by corrective and preventive maintenance
actions. Environmental agents and building properties are the triggers for different defects
and complaints.

Building
properties

Environmental
agents

Trigger
Evenr ol [T Gl Tannandimeunitoo
Corrective Preventive
actions maintenance
Control/Mitgant

Consequence

Building
condition

Figure 1: Generic BN model for predicting building condition

The generic BN model can be customized for a specific case, since the condition of a
building depends on the condition of all building elements and systems that make up the
building and the relations between them. Building elements are structure, facade, roofing,
flooring and interior partitions, while building systems are HVAC, plumbing, electrical,
tire systems and elevators. The BN model for a specific building should include nodes of
the building elements/systems that represent such building in analysis. The classification
of building elements/systems adopted in this study was based on OmniClass, which is a
classification system used by COBie (Construction Operations Building Information
Exchange). COBie is an international standard to manage information needed by facility
managers.

Figure 2 shows an example of some relations among nodes. The facade condition
depends on the severity of the cracks, detachment, etc. These defects depend on the
exterior condition, age of the building, facade material quality, etc. On the other hand,
other defects detected in another system such as plumbing, might affect the probability of
a defect increase, i.e., a water leakage can provoke a fagade detachment. Furthermore, a
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corrosion on the pipes can provoke a water leakage, which can generate a malfunctioning
and affect the condition of the plumbing system. Corrective actions and preventive
maintenance for each element/system can control and mitigate the final condition of the

building.

Defects/Complaints

Plumbing

Corrective actions’
Preventive maintenance

Plumbing
system
condition

Facade
condition

Elements/systems condition

Building
condition

Figure 2: Example of relationship between building elements and systems

3.3 Uncertainty analysis

There are two different approaches to estimate the probability distributions between the
nodes: (1) estimation from statistical data which is also known as parameter learning on
the basis of historical data, and (2) knowledge and experience from expert judgment
(Wang et al. 2014; Nguyen et al. 2016). When historic data is available, Poisson
distribution can be applied into the model (Equation 1). It is a discrete probability
distribution of a given number of events occurring in a fixed interval of time (Ahrens and
Dieter 1974).
e X
feo ) =—3 (1)
where A denotes the expected number of occurrences during the given interval, i.e., the
number of defects of an element or system per year on average; and x is the number of
occurrences of an event, i.e., the number of defects of an element or system per year.
When exact values of probability are not available, an expert judgment is generally
employed to assess the occurrence probability of nodes (Zhang et al. 2014). Generally, a
scale is used to translate the verbal description into numerical values (Wang et al. 2014).
The experts should be asked to rate the degree of influence of each factor in the condition
of a building and identify critical paths through the BN model. Basically, the identified
problems and their causes are included on the BN model to predict what is likely to happen
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making analysis of the building condition. An expert judgment and several case studies
will be used to quantify the probability distributions among the variables.

3.4 Practical implications

In general, this model can be used to estimate the uncertainty/risk effect of degradation
factors on building condition. A management review and judgment process of the results
produced by the BN model should be done by a formal analysis. The facility manager of
the building should decide about measures based on scenario analysis taking into account
the resources available and the cost/benefit ratio of the actions. In the final step, the
measures are reviewed and a decision of the best course of maintenance action is made.

Maintenance actions can be categorized into four types: monitor, minor repair, major
repair and replacement. If an incipient defect/complaint is detected, in which there is no
impact on the building condition, an action to repair it can be postponed and the
defect/complaint should be monitored. Minor repair is associated with cleaning actions or
doing a local repair of the deterioration. A major repair is related with actions to local
replacement and preventive treatment. The replacement is associated to actions to
substitute completely the material/elements when the area affected cannot be recovered.
Major repair and replacement actions are highly associated with the degradation condition.
When the physical integrity of the users is at risk, maintenance actions to prevent this fact
must be undertaken. Moreover, based on the assessment condition of the building, regular
inspections have to be planned.

It is possible to add new observations about the degradation factors on the BN model
in order to perform different 'what if?' type analysis. Exploratory analysis can be done to
evaluate if another inspection need to be carried out and make better maintenance plans
by prioritizing the problems with high severity and controlling dangerous situations.
Estimate the time in which inspection is needed is the main goal of predictive maintenance
approach, which attempts to detect a degradation to correct it prior to significant
deterioration in the element occurs. By detecting initial stages of deteriorations, the
condition of a building can be protected and the costs of the maintenance interventions
can be minimized.

4 CONCLUSIONS AND FUTURE WORK

A lack of structured methods inhibits facility managers from proactively managing
buildings and reaching their maintenance. The condition of buildings is associated with
various degrees of uncertainty, due to the many factors that may affect a building. These
factors are generally not independent, and this work proposed the use of an approach
based on BN to understand the relationships between these factors.

The use of BN models can yield analysis of the probability distribution of deterioration
factors on buildings by case studies and expert judgment, which provide insightful
information for decision makers regarding maintenance actions. This enables to express
uncertainty about the final condition of a building by modelling the dependency among
degradation factors and how to represent the control and mitigant of the building
condition. One important advantage of BN is the capability of parameter learning which
is updating the belief about one factor when new information is available. By entering a
new observation about the degradation factors, the model automatically updates the
condition of the building.
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Future steps include an investigation on the degree of impact of the variables that affect
the performance of a building to validate the approach. BN has the advantage of easily
incorporate more variables and modify the network to fit the problem. Additionally, the
definition of the most common defects that affect each building element and system is
being evaluated. Data integration from systems related to maintenance process such as
BMS, CMMS and Building Information Modelling (BIM) is also being analyzed.
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