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ABSTRACT 

Technology has accelerated the growth of the Facility Management industry and its roles are 

broadening to encompass more responsibilities and skill sets. FM budgets and teams are becoming 

larger and more impactful as new technological trends are incorporated into data-driven strategies. 

This new scenario has motivated institutions such as the European Central Bank to initiate projects 

aimed at optimising the use of data to improve the monitoring, control and preservation of the assets 

that enable the continuity of the Bank's activities. Such projects make it possible to reduce costs, plan, 

manage and allocate resources, reinforce the control, and efficiency of safety and operational systems. 

To support the long-term maintenance strategy being developed by the Technical Facility 

Management section of the ECB, this thesis proposes a model to calculate the Left wear margin of the 

equipment. This is accomplished through the development of an algorithm based on a fuzzy logic 

system that uses Python language and presents the system's structure, its reliability, feasibility, 

potential, and limitations. For Facility Management, this project constitutes a cornerstone of the 

ongoing digital transformation program. 
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1. INTRODUCTION 

The importance of facility management (FM) in the structure of organizations have been increasing in 

the last years. The recognised physical and spatial dependence to carry out their core activities, as well 

as the need for responsive asset performances on successful operations has led to an increased focus 

over this area (Alexander, 1994). Managing long-term infrastructural assets such as real state, 

buildings, and equipment is becoming more topical at the strategic level. In the work environment 

such assets are reported to comprise a significant part of operating costs; therefore, it is critical to 

effectively manage technical and administrative actions that ensure that all parts of the building are 

up to standard to perform their functions. The most efficient way to ensure results, safety, and 

satisfaction of users of the physical space is to have a maintenance activity strategy, to plan properly 

inspections, repairs and replacements and as an output for management staff, providing information 

about causes of failures and damages (Gackowiec, 2019). Development in contemporary business 

areas and changes in the work environment, besides progress of mechanisation, computerization and 

highly advanced technological devices create new challenges for maintenance personnel to take up. 

Therefore, each organization should seek the strategy that best suits its needs. Managers are becoming 

increasingly aware of the need to better understand and reveal the true nature of their long-term asset 

base to promote its active management for corporate benefit.  

In the last few years, innovative solutions have been introduced, thanks to new technological trends 

such Internet of Things (IoT) devices that are used as providers of data about the current status of 

equipment and the building itself. This data is then delivered to big data (BD) and Artificial Intelligence 

(AI) and further processed by machine learning (ML) to recognise patterns, mainly to support 

predictive maintenance (PdM), and to derive actions based on these patterns (Krishnamurthy & 

Desouza, 2014). The ability to collect, analyse information and control remotely through centralized 

and complex systems has been a turning point in asset maintenance within FM. One of Europe's 

leading institutions, the European Central Bank (ECB), is fully committed to its vision of a more digital 

centred organization, encompassing the different areas of reach and departments, which are part the 

corporate services responsible for the management of technical infrastructure. Innovation on this 

specific area is of the outmost importance as all elements that may influence the performance of the 

employees’ daily responsibilities must be in perfect condition to reduce as far as possible the risks of 

jeopardise the execution of the bank's core business activities. 

The bank's headquarters is equipped with a large and complex building automation system (BAS) 

comprising hundreds of thousands of individual devices that perform a wide range of functions crucial 

to the ECB's daily activities in the Main Building. By capturing sensor information, changes are made 



9 
 

according to the needs of the staff, optimisation of resources and sustainability of the building itself. 

Although the potentialities of the collected data analysis are recognised by the teams involved in its 

management, no further developments have been carried so far to demonstrate the benefits 

underlying its exploitation. Therefore, this thesis aims to illustrate the aforementioned benefits and it 

does so by employing a Design Science Research (DSR) Methodology through a Fuzzy Logic (FL) 

algorithm that intends to optimise the classification of FM assets based on their maintenance 

condition. This methodology seeks to answer relevant questions to human problems via the creation 

of innovative artifacts, thereby contributing new knowledge to the body of scientific evidence (vom 

Brocke et al., 2020).The research output is based on a method structured of a step-by-step approach 

to build a model capable of directly improving the decision-making around maintenance of the 

technical equipment of the building. Given the FL aptitude for estimating the service life of a given 

equipment for various conditions under which it operates and knowing that a statement in natural 

language is often the best way to express them, an academic gap in the research and implementation 

of this technique remains to be filled. This situation is verified in two aspects:  

1. The very few studies utilizing fuzzy concepts in the context of Building maintenance and FM 

(Besiktepe et al., 2021). No relevant solutions present simple, easy to implement and 

sustainable alternatives to the complex and costly systems evaluating equipment and 

installations, thus this study seeks to respond to this research gap.  

2. A clear mismatch between academic concepts and real application benefitting directly a FM 

project, specially due to rigid corporate structures that restricts direct collaboration between 

model management/development and technical experts, secondly the lack of FM technical 

know-how in the model implementation when compared with the application of techniques 

by practitioners in the maintenance community (Wu, 2010). By establishing a close 

relationship between the technical specialists and the facility managers within the Bank, a 

dynamic cycle of synergies that integrates all the intervening parties and streamlines the 

implemented strategy can be created. 

 

Through the creation of a predictive long-term maintenance strategy (LTMS) based on fuzzy theory 

and resorting to data taken from the BAS. This project represents a critical piece of the digitalization 

transformation process puzzle inside the ECB. At first, it is a project that allows a dynamic and effective 

method to help support in maintenance strategy decision-making and at a later stage would work as a 

starting point and connection to many other tools and projects developed by the Bank, which are part 

of the LTMS. 
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2. BACKGROUND 

In order to structure the topics in a more insightful way, this chapter has been divided into two main 

sections.  The first section is the Design Scientific Review where all the theoretical background related 

to the development of the model created is exposed. There is also a special focus on understanding 

the fuzzy theories logic and characteristics. The second section goes deeper into the framework and 

motivations that led to the realization of this model which allows a detailed contextualization of the 

involvement of the project; thus, enables a better understanding by the reader. 

 

2.1. DESIGN SCIENTIFIC REVIEW 

2.1.1. Fuzzy Logics 

FL can be best presented as a method of transforming human intelligence into artificial thinking. It also 

helps to encode human learning for artificial processing, and it does so by representing reasoning 

under uncertainty. In a way, we can regard FL as a methodology for computing with words instead of 

numbers (Zadeh, 1999). It is inspired by human decision-making when confronted with imprecision on 

daily assumptions such as temperatures that can be perceived as low or high and time, e.g., an 

individual can consider a certain hour of the day as early or late without another person having the 

same perception. The same occurs with judgment on human external or intellectual attributes, for 

instance, someone can be subjectively considered old, tall, strong or smart. Another example would 

be describing the weather. Weather is often described in terms of the exact percentage of cloud cover 

and when the percentage is low, one often describes it as sunny. While the later description is vague 

and less specific, it is often more useful. The term "sunny", however, cannot be applied to represent 

neither 0% cloud cover, nor a sky immersed almost 100% in clouds. We can accept certain intermediate 

states as “sunny”, but it is still difficult to determine the limits that would lead us to consider re-

labelling the weather as anything else than “sunny” due to a 2% increase or decrease in cloud cover. 

In order to resolve this uncertainty paradox, FL introduce these inaccuracies by allowing gradual 

transition of degrees of cloud cover that are considered to be sunny and those that are not. The 

applications of FL can be extended to more complex tasks that aim at supporting or even replacing 

human experiences in different contexts, application in different stream of engineering such as in AI, 

computer science, operation research, pattern recognition, and robotics have been growing rapidly. 

FL emerged in the context of the theory of fuzzy sets (FS) and it was introduced by Lotfi Zadeh of the 

University of California Berkeley. He did so by stating that “A FS is a class of objects with a continuum 
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of grades of membership. Such a set is characterized by a membership (characteristic) function which 

assigns to each object a grade of membership ranging between zero and one.” (Zadeh, 1965). FS theory 

is an extension of classical set theory which introduces the term of partial truth. Whereas the first logic 

uses only binary terms (0 or 1), FL implements the degrees of Truth (DoT), assigning levels of 

belongingness to linguistic terms (Wójcik & Skrzat, 2018). The standard set of truth-values is the real 

unit interval [0,1], where 0 represents “totally false”, 1 represents “totally true”, and the other values 

refer to partial truth, i.e., intermediate DoT. So, unlike two-valued Boolean logic, FL is multi-valued, 

using the continuum of logical values between 0 and 1, accepting that things can be partly true and 

partly false at the same time (Jang et al., 1997). 

 

Figure 1: Boolean Logic vs Multi-Valued Logic adapted from (Abul-Haggag et al., 2008) 

 

While Boolean logic is crisp and the value is a precise number that represents the exact status of the 

associated phenomenon, FS are defined as a set of crisp values that can be grouped together with an 

associated fuzzy term. Because a crisp value can belong to more than a FS in different context, a crisp 

value can be associated to more than one FS. A crisp set X is defined by a binary characteristic function 

µX (x) of its elements x 

𝜇𝑋(𝑥) = {
1, 𝑥   ∈ 𝑋

0, 𝑥   ∉ 𝑋
 

while a FS is defined by a continuous characteristic function, including all (possible) real values 

between the two crisp extremes 1 and 0, and including them as special cases. 

                                                                          𝜇𝑋(𝑥) = [0, 1]  

A FS X is a collection of ordered pairs: 

                                                                            X = {(x, 𝜇𝑋(𝑥))} 
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where µ(x) is the membership function (MF) representing the grade of membership of the element x 

in the set X. 

The understanding of the concept of DoM is extremely important to fully comprehend the definition 

of FL. In a traditional set, the values of the MF vary exclusively between 0 and 1, representing no 

membership or full membership. In the FS representation, this notion was extended to the infinite 

number of values in between the same interval representing various DoM. The values in between can 

be interpreted as the belongingness of a crisp value for one or more linguistic terms. The following 

picture illustrates how height sets can overlap between them, given a progressive assessment from 

short to average and from average to tall - an impossibility in the world of binary as represented on 

the left side. 

 

 

Figure 2: Crisp and FS of short, average and tall men as seen in Oentaryo (2004) 
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It is important to note that the MFs are subjective and context dependent. An illustration of that would 

be the height assumption at a global scale. For instance, a person who is 1.75 meters tall can be 

considered tall in an Asian country where the average height has been proven to be considerably lower 

than other areas of the world, whereas in the United States or Europe that same person would fall into 

an average height classification.It is interesting to note that the difference between these two 

scenarios is actually the way each of the three height classifications is distributed in the possible 

outcomes. In other words, it is how the FS for the three linguistic terms Short, Average, Tall will be 

shaped according to the disclosure universe. The different interpretations are extended to many 

environments and situations where human evaluation and decision-making are necessary. MF 

essentially embodies all fuzziness for a particular FS and are represented by graphical forms. They 

comprise different areas of membership, as there are an infinite number of ways to characterize 

fuzziness, there are an infinite number of ways to graphically illustrate the MFs that describe it. The 

choice of the methods to use depends entirely on the problem, so usually the shaping relies on 

knowledge elicited from experts in the field of use. The most common formats are Triangular and 

Trapezoidal shapes as illustrated in Figure 3. These morphologies have proved to be easier to express 

both the domain intervals and the overlaps between the MFs (Vafaei et al., 2019), the majority of 

practical applications work with trapezoidal or triangular distributions and these representations are 

subject of various papers (Grzegorzewski & Mrówka, 2007; Nasseri, 2008), for instance. Triangular 

memberships have a single point where the DoM equals 1, illustrated by point b, whereas trapezoidal 

MFs have a range of crisp values (from b to c) where the DoM is 1. When the MF intersects the 

horizontal axis the DoM is 0 as seen in a, c and a, d respectively.   

 

 

Figure 3: Triangular and Trapezoidal MFs adapted from Jayabal et al. (2018) 
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 Figure 4 is an example of FS representation in a universe of discourse. Here, the linguistic variable is 

height, and the linguistic terms are short, medium, and tall as shown below (see Figure 4). The range 

of possible values to be adopted by the Height variable are named Universe of Discourse. 

 

Figure 4: Linguistic Terms with FS in Universe of Discourse adapted from Rachakonda (2015) 

 

There are several operations that enable the combination of FS. A fuzzy operator combines two FS to 

give a new one. The most frequently used fuzzy operators are the following: Intersection, Union and 

Complement, which are the ordinary set-theoretic forms of the logical operations AND (or logical 

conjunction), OR (or logical disjunction) and NOT (or logical negation) respectively (Izquierdo et al., 

2015). 

 

The union, U, of FS A and B of a universe, X, corresponds to the connective "or," and its MF, , is: 

 

μAᴜB (x) = max [μA(x), μB(x)] 

 

The intersection, ∩, of fuzzy subsets A and B correspond to the connective "and" and its MF,, is: 

 

μA∩B (x) = min [μA(x), μB(x)] 

 

The “Complement” of a fuzzy subset A is denoted by A, and its MF, , is: 

 

μAᴜB (x) = 1 - μA(x) 
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2.1.2. Fuzzy Systems 

Initial ideas of fuzzy systems were introduced and presented by Zadeh (1972) and Chang & Zadeh 

(1972), but the actual research on fuzzy controllers was initiated by Ebrahim Mamdani in the mid-

1970s. Mamdani's work influenced other researchers to explore the applicability of fuzzy controllers 

to various control problems especially on mechanical and industrial processes (Mamdani, 1976, 1977; 

Mamdani & Assilian, 1975). He was responsible for designing the first fuzzy controller for a steam 

engine which would be applied to control a cement plant in Denmark with great success. In the late 

1980s, Hitachi used an automatic-drive fuzzy control system for subway trains on the Japanese City of 

Sendai - an innovative system created by man with high precision in stopping at any designated point, 

making the stop more comfortable and saving energy (Garrido, 2012). In order to deal with complex 

problems where the usage of classical sets theory and binary logic is impossible or difficult, Fuzzy 

systems have been developed as structures based on fuzzy techniques oriented towards information 

processing. These systems are known as fuzzy inference systems (FIS) and they provide a non-linear 

mapping from input variables into output variables. The main advantage of incorporating fuzzy 

reasoning is that inference rules can be defined in a precise and consistent way, while uncertainty 

originating from the input information is considered by defining one or more FS for each input. The 

systems are also called fuzzy expert system or fuzzy controller depending on the objective for which 

the system is designed (Jang et al., 1997). They also share the same structure and have as foundation 

the use of rules as each fuzzy proposition has the form If “state” then “answer” where each “state” 

and each “answer” is a fuzzy value taken on by linguistic variables. The FS that composes the “state” 

are called antecedents. On the other hand, the FS that compose the “answer” are called consequents 

(Carvalho De Barros et al., 2017). Fuzzy controllers employ a group of control rules from experts which 

describes in words the relationship between inputs and outputs of the process. A general fuzzy 

controller consists of four steps: fuzzification, a fuzzy rule base, a fuzzy inference engine, and 

defuzzification. 

 

 

Figure 5: Components of a FL controller as seen in Jayarathna et al. (2011) 
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1.Fuzzification 

 

Fuzzification refers to transformation of crisp inputs into a membership degree which expresses how 

well the input belongs to the linguistic term. In this step, experts’ judgement and experience can be 

used to define DoM function for a particular variable. During Fuzzification, a FL controller receives 

input data, and determines the degree to which they belong to each of the FS according to their MFs 

(Thaker & Nagori, 2018). 

 

 

2.Knowledge Base 

 

The knowledge base describes the criticality level of the system for each combination of input 

variables. It is expressed by the linguistic form If-Then according to information gathered from the 

expert. These rules are the core of the FIS and describe a local relationship between the input and 

output variables of the fuzzy system within the limits defined by the domain of FS in the rule 

antecedent. The complete input–output mapping is represented by the whole collection of fuzzy if-

then rules from the knowledge rule base (Zimmermann, 1996). A well-defined fuzzy rule base should 

be complete, consistent, and continuous. The completeness means that for each value from the input 

space at least one rule is activated. The knowledge base is consistent if there are no rules with the 

same antecedents but different consequents. And finally, the knowledge base is continuous if there 

are no neighbouring rules for which the result of intersection of FS in their consequents is an empty 

set. The knowledge base is built first by acquiring knowledge about the modelled phenomenon, and 

next by representing it in a form of fuzzy conditional rules (Prokopowicz et al., 2017). 

 

 

3. Inference Engine 

 

The inference engine defines mapping from input FS into output FS. It determines the degree to which 

the antecedent is satisfied for each rule. If the antecedent of a given rule has more than one clause it 

selects the more suitable DoM used on the implication method and it takes into account the activation 

of multiple rules on the consequent result. The fuzzified inputs are applied to the antecedents of the 

fuzzy rules. If a given fuzzy rule has multiple antecedents, the fuzzy operator (AND or OR) is used to 

obtain a single number that represents the result of the antecedent evaluation. To evaluate the 

disjunction of the rule antecedents, one uses the OR fuzzy operation. Typically, the classical fuzzy 

operation union is used (μA∪B(x) = max{μA(x), μB(x)}). Similarly, in order to evaluate the conjunction 
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of the rule antecedents, the AND fuzzy operation intersection is applied (μA∩B(x) = min{μA(x), μB(x)}). 

The result of the antecedent evaluation can be applied to the MF of the consequent. The most common 

method is to cut the consequent MF at the level of the antecedent truth; this method is called clipping. 

Because the top of the MF is sliced, the clipped FS loses some information. However, clipping is 

preferred because it involves less complex and generates an aggregated output surface that is easier 

to defuzzify. Another method, name, offers a different approach where the original MF of the rule 

consequent is adjusted by multiplying all its membership degrees by the truth value of the rule 

antecedent (Iancu, 2012). The MFs of all rule consequents previously clipped or scaled are combined 

into a single FS. 

 

There are different types of fuzzy inference methods among which Mamdani and Sugeno-type are the 

most popular ones and the two vary in the way outputs are determined (Almatheel & Abdelrahman, 

2017). Even though they follow the same process of fuzzification, the differences occur in the second 

process when the results of all rules are integrated into a single precise value for output. The reasoning 

with the Sugeno method is almost the same as the Mamdani method, only the output system is not a 

FS but rather a constant or a linear equation. Mamdani method can be considered as the foundation 

of the fuzzy model family based on if-then rules with FS in antecedents as well as consequents 

(Chaudhari & Patil, 2014). Mamdani is often known as the Max-min method, due to the inference 

adopted, in which the MFs for input variables are first combined inside the IF−THEN rules using AND 

(∩, or Min) operator, and then the output FS from different IF − THEN rules are combined using OR (∪, 

or Max) operator to get the common fuzzy output (Ivancevic et al., 2010). 

 

 

 

Figure 6: Example of fuzzy inference using the Mamdani fuzzy system with two inputs and the 

knowledge base consisting of two conditional fuzzy rules as seen in Rustum et al. (2020) 
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4. Defuzzification 

 

After the output variable of the System is described by an accumulated FS, the final output must be 

numerical values. In Mamdani FIS, antecedent and consequent of the rules are linguistic variables, and 

both are fuzzy so there is a need to convert this fuzzy output into crisp form. For this reason, the 

accumulated FS must be transformed by applying appropriate defuzzification operators (Jayarathna et 

al., 2011). This is achieved by one of the several defuzzification algorithms, the following are the known 

methods (Samanta, n.d.): 

 

• Centre of Sums Method (COS) 

• Centre of gravity (COG) / Centroid Method 

• Centre of Area / Bisector of Area Method (BOA) 

• Weighted Average Method 

• Maxima Methods 

• First of Maxima Method (FOM) 

• Last of Maxima Method (LOM) 

• Mean of Maxima Method (MOM) 

 

The most prevalent and physically appealing of all the defuzzification methods is the COG which 

calculates the point where a vertical line would slice the aggregate into two equal masses (Godihal, 

2009). It is also the method used on this project. 

 

Centre of gravity (COG) / Centroid Method 

This method provides a crisp value based on the CoG of the FS. The total area of the MF distribution 

used to represent the combined control action is divided into sub-areas. The area and the CoG of each 

sub-area is calculated and then the summation of all these sub-areas is taken to find the defuzzified 

value for a discrete FS. The formula for continuous MF (Codecrucks, 2021), is defined as: 

 

𝑥 =
∫ 𝑥𝜇(𝑥) ⋅ ⅆ𝑥

∫ 𝜇(𝑥) ⋅ ⅆ𝑥
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Figure 7: Two output Trapezoidal FS adapted from Codecrucks (2021) 

 

Considering two FS, first the areas of the outputs need to be aggregated by placing them in the same 

axis, then to compute the area covered by this new accumulated output. 

 

 

 

To compute the area covered by the aggregated FS, the equation of each line forming the region needs 

to be calculated: 

                                                                          
(𝑦−𝑦1)

(𝑥−𝑥1)
=

(𝑦2−𝑦1)

(𝑥2−𝑥1)
 

 

 

 

Figure 8: Accumulated Fuzzy Output with labels as seen in Codecrucks (2021) 
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• Line ab, (x1, y1) = (0, 0) and (x2, y2) = (1, 0.5) - Line ranges from [0, 1] on X-axis 

 

• Line bc, (x1, y1) = (4, 0.8) and (x2, y2) = (6, 0.8) - Horizontal line has slope zero, and for any 

value of x, the y coordinate will remain unchanged 

 

• Line cd, (x1, y1) = (3.5, 0.5) and (x2, y2) = (4, 0.8) - Line ranges from [3.5, 4] on X-axis 

 

• Line de, (x1, y1) = (4, 0.8) and (x2, y2) = (6, 0.8)- Line ranges from [4, 6] on X-axis 

 

• Line ef, (x1, y1) = (6, 0.8) and (x2, y2) = (8, 0) - Line ranges from [6, 8] on X-axis 

 

 

Table 1: Summary of Line Equations adapted from Codecrucks (2021) 

 

 

 

 

 

 

 

 

 

 

Finally add all the values in the equation for CoG method: 

𝑪𝒐𝑮 =
∫ (0,5𝑥)𝑥 ⅆ𝑥 + ∫ (0,5)𝑥 ⅆ𝑥 +  ∫ (

3
5

𝑥 −
8
5

) 𝑥 ⅆ𝑥 + ∫ (0,8)𝑥 ⅆ𝑥 + ∫ (−0,4𝑥 + 3,2)𝑥 ⅆ𝑥
6

4

6

4

4

3.5

3.5

1

1

0

∫ (0,5𝑥) ⅆ𝑥
1

0
+ ∫ (0,5) ⅆ𝑥 + ∫ (

3
5

𝑥 −
8
5

) ⅆ𝑥 + ∫ (0,8) ⅆ𝑥 + ∫ (−0,4𝑥 + 3,2) ⅆ𝑥
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       𝑪𝒐𝑮 = 4,151 

 

 

 

The value obtain represents the exact point where the mass of the object’s area is split equal 

Line Equation Range 

ab 

 

[0,1] 

bc 

 

[1,3.5] 

cd 

 

[3.5,4] 

de 

 

[4,6] 

ef 

 

[6,8] 

𝑦 = 0,5𝑥 

𝑦 = 0,5 

𝑦 =
3

5
𝑥 −

8

5
 

𝑦 = 0,8 

𝑦 = −0,4𝑥 + 3,2 
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2.1.3. Introduction to fuzzy toolbox in Python  

SciPy is a collection of mathematical algorithms and convenience functions built on the NumPy 

extension of Python. It adds significant power to the interactive Python session by providing the user 

with high-level commands and classes for manipulating and visualizing data. With SciPy, an interactive 

Python session becomes a data-processing and system prototyping environment system such as 

MATLAB, IDL, Octave, R-Lab, and SciLab (SciPy community, 2021). The toolbox used in this project is 

called Scikit-Fuzzy and it is a collection of FL algorithms intended for use in the SciPy Stack, written in 

the Python computing language. Most of the functionalities are actually located in sub packages, the 

most relevant to this thesis context is sk.fuzzy.control, also named skfuzzy sub package, which provides 

a high-level Application Program Interface (API) for fuzzy system design (The Scikit-image team, 2016).  

 

Once installed and imported the FL tool requires necessary categories to be defined by the user. 

 

• Inputs 

 

Inputs are the fuzzy variables that have profound influence on the expected output. Fuzzy variables 

inputs are decided for a particular fuzzy system based on the experience and knowledge of experts. 

Mostly, the fuzzy inputs which are been chosen will or may be have relation with other Fuzzy input 

variables. In skfuzzy the following function is used to define the antecedent (inputs) variables for a 

fuzzy control system, the function must include the Universe of Discourse, defined as the set of 

possible values that can take the variable and the name of the variable, label. 

 

skfuzzy.control.Antecedent(universe, label) 

 

• Output 

 

The output is the desired result of whole designed fuzzy system. As mentioned before, the consequent 

value will be a consequence of the inference between the antecedents. The function is composed by 

the same two variables of the previous function: Universe and label. 

 

skfuzzy.control.Consequent(universe, label) 
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• Membership Functions Design 

 

Skfuzzy is preloaded with 12 different types of functions which have their own specifications. Only 2 

are relevant to the project as the linguistic terms are characterized by Triangular and Trapezoidal MF. 

The function requires 2 parameters of which the first ‘x’ associates the ranges defined for inputs and 

outputs to the MF using the correspondent label. The second parameter depends on the MF 

morphology to Triangular shaped functions a 1-dimension array composed by 3 element vectors is 

necessary, abc where a <= b <= c, for trapezoidal MF, four-element vector, abcd, with a <= b <= c <= d. 

 

skfuzzy.membership.trimf(x, abc) 

skfuzzy.membership.trapmf(x, abcd) 

 

• Rules Creation  

 

The necessary rules are set according to the situation requirements, as they help producing expected 

results. This is a procedure usually done systematically: for every combination of input sets of variables 

that may reasonably expected to occur in practice, the necessary output value is estimated by expert 

and a rule is written expressing the relation, thus it requires a knowledge foundation of the system. 

Having in mind two antecedents each rule should follow the structure “IF Antecendent1 is X AND/OR 

Antecendent2 is Y , then Consequent is Z” As stated before the “AND” operator in the fuzzy rule editor 

is modelled with fuzzy intersection (the min operator), and the “OR” operator is modelled with the 

union (the max operator) in FL. The next functions describe the Generator which yields Rules in the 

system, connecting antecedent(s) to consequent, the “AND” operator is represented with a | while he 

“OR” is &. 

 

skfuzzy.control.Rule(antecedent=[…] | antecedent=[…], consequent=[…]) – AND operator 

skfuzzy.control.Rule(antecedent=[…] & antecedent=[…], consequent=[…]) – OR Operator 

 

 

• Rules Activation 

 

The system is initialized and populated with a set of fuzzy Rules by enabling the function. The total 

number of rules created must be included as the parameter suggests. 

 

skfuzzy.control.ControlSystem([rules]) 
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• Output Accumulation and Defuzzification 

 

Each and every rule which has been added to system has its own and unique output set, therefore 

each rule will have its own impact on the output result. The calculation of the system is performed by 

the function control.controlsystemsimuation which accumulates the outputs generated through the 

activation of rules, caused by the crisp values of the inputs. It also computes the output crisp value 

based on the default defuzzification method, CoG.  

 

skfuzzy.control.ControlSystemSimulation(control_system) 

 

 

In order to change it, the parameter “defuzzify_method” can be added to the consequent function,  

 

skfuzzy.control.Consequent(universe, label, defuzzify_method). 

 

 

2.2. CONTEXTUALIZATION 

2.2.1. Facility Management and Technology  

FM is a multidisciplinary area that covers different ranges of activities, responsibilities, and knowledge 

to maintain, improve and adapt the organization’s infrastructures and support services. The definition 

provided by the International Facility Management Association, describes it as “a coordination of the 

physical workplace with the people and work of the organization, integrating the principles of business 

administration, architecture, and the behavioral and engineering sciences” (What Is Facility 

Management, n.d.). This broad embrace many sectors within the organization: building operations, 

security, grounds management, space planning, sustainability, project management space planning, 

workplace strategy and real estate management. The increasing relevance of FM within the 

management strategy of companies has been notorious in recent years, the Global Market for FM was 

estimated to be valued at €1.2 Trillion in 2020 and is estimated to be worth €1.7 Trillion by 2027, with 

a growth rate of around 50%, despite of the challenging years of 2020 and 2021 caused by the Covid-

19 pandemic (Fortune Business Insights Desk and Primary Research, 2021). The increase in the value 

of companies led to a greater attention around the environment where the core activities are 
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developed. Topics such as safety, readiness in emergency, well-being at work or environmental issues 

are considered as a way to ensure stakeholders better conditions for obtaining high performance in 

the workplace (Atkin & Brooks, 2015; G. Cotts et al., 2010). The correct application of FM techniques 

enables the organization to provide the right environment for conducting its core business to deliver 

end-user satisfaction and best value (Ibid.). Furthermore, if a facility is not managed properly it can 

impact upon the organization’s performance (Ibid.). Conversely, a well-managed facility can enhance 

performance by contributing towards the provision of the optimal working environment which clearly 

highlights the importance of this area of business. Nonetheless, in the recent past, periods of economic 

instability have raised awareness to a management focused on the reduction of consumptions and 

costs which led to search for sustainability and process optimization. Today, across all industries, FM 

is recognized as an important pillar for the long-term survival and prosperity of the business. FM is no 

longer focused on a narrow technical field as the different needs and business contexts have endowed 

this branch with greater versatility. It has the expanded viewpoint that helps the organization take a 

strategic view of its facilities and their impact on productivity. Furthermore, there is a gradual trend 

towards the convergence of FM and asset management, from the perspective of a facility/asset owner, 

there is little sense in having separate operations teams, procurement, and maintenance regimes 

(Atkin & Bildsten, 2017). 

 

Figure 9: FM Market Revenue in Billions of dollars adapted from Fortune Business Insights Desk and 

Primary Research (2021) 
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One of the main allies to the advances in the FM area has been technology. This sector is undergoing 

a profound transformation of practices, processes, tools and references due to the adoption of new 

solutions in Information and Communication Technologies (ICT) that have been improving the 

traditionally conceived processes, thus making new knowledge bases available to support data-based 

decision-making processes. Although changes are visible on the operational side, it is also possible on 

the strategic perspective to create knowledge bases for the scenario constructed, allowing for new 

opportunities in the continuous and generalized monitoring of relevant parameters in the conjecture. 

The evolution of digital tools and technology applied in FM is oriented towards integration with other 

management systems (Atta & Talamo, 2020). Facility managers seek solutions that enable 

accumulation, categorization, visualization and updating of information about the operation and 

maintenance of a building which should be complete, precise and should locate an event in time and 

place within it (Araszkiewicz, 2017). 

 

The main innovation factor that enables and supports the development and evolution of FM is the 

ability to exploit ICT. In particular, the most recent technological phenomena’s such as AI embedded 

in robotic devices and used for FM smart apps have been revolutionizing the sector. Furthermore, the 

correct application of BD techniques allows for predictive analytics and other advanced methods that 

are used for extracting value from data, used in IoT and smart devices with ever lower implementation 

costs and the increasing ability of software to integrate and input sensor data. These new technological 

trends are increasingly being adopted (Atta & Talamo, 2020) although BD has always been part of 

information-intensive FM operations, it has been only recently when there has been a recognition and 

approach to BD to develop solutions that allow it to be managed in the best way making it available to 

help support decision-making. Figure 10 illustrates the number of the used technologies according to 

mentions in publication as a percentage of the number of cases in Facility Services “Maintenance and 

Operation”, where a growing interest in IoT, ML and BD is evident.  The term BD implies datasets that 

are extensive in volume, velocity, variety and/or variability, characteristic which require appropriate 

resources to extract their full potential. Besides the associated investment, the aversion to change can 

sometimes slow down the transformation of the traditional process. The flow of massive amounts of 

data, often coming from different sources, leads to the need of several steps and requirements for the 

correct storage, transmission, and processing of data (Konanahalli et al., 2018). 
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Figure 10: Implemented technologies percentage according to number of publications on Facility 

Services as seen in Redlein (2020) 

 

Large data sets need to be stored and analyzed to extract value. The size, variety, and rapid change of 

such data require different solutions regarding data analytics, as well as different storage and analysis 

methods (Rida, 2020). Recent developments and approaches to data analytics generate value in many 

different ways, across different industries. Some examples include recognition of business 

opportunities, automated decisions for real-time processes, definitions and understanding of 

customer behaviors, customer retention, fraud detection, risk quantification, understanding business 

changes, better planning and forecasting, resource optimization, identifying cost root causes (Ahmed 

et al., 2017). The IoT enables physical objects to see, hear, think and perform jobs by having them 

“talk” together, to share information and to coordinate decisions. (Al-Fuqaha et al., 2015). It is rapidly 

becoming one of the core technologies for the digital transformation of the FM sector, as it enables 

the rapid collection, transmission and exchange of data using embedded sensors and wireless 

technologies, building components and services that merge the physical and virtual worlds and letting 

them communicate through intelligent digital interfaces. This concept is strongly interlinked with BD 

and it can be seen as a means of collecting and transmitting massive amounts of data. Sensors and 

devices can collect FM-related parameters and are therefore able to transmit data to a central 

monitoring system which when connected, the sensors can be used to remotely control building 

systems (Rizwan Bashir & Gill, 2016).  Facility managers heavily rely on automated systems for 

monitoring and control of buildings. Hence, this technology provides safety for both occupants and 

assets, contributing to the productivity of the enterprise by conserving energy and optimizing 
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efficiency of equipment throughout facilities and the people who are responsible for operating and 

maintaining them. The BAS are receiving the greatest benefit from the development and applications 

of the technological trends mentioned before. Energy optimization, asset allocation, resource 

planning, sustainability applications require network infrastructures that can take advantage of state-

of-the-art software and hardware technologies. BAS are becoming highly intelligent systems 

comprised of complex information nodes that are capable of making decisions on their own (IFMA & 

Teicholz, 2013). 

 

2.2.2. Asset Maintenance Strategy 

The underlying granularity allowing individual monitoring and control of mechanical, electrical, 

electronic or any kind of everyday devices, represents a turning point for the area of facility asset 

management. Decisions regarding interventions on equipment, inspection, maintenance, repair or 

even replacement must be planned and supported with relevant technical information (Shoolestani et 

al., 2015). The maintenance can be described as the works performed to preserve and asset and to 

allow its continued use and function above the minimum accepted level of performance and over its 

useful service life and without unforeseen renewal or major repairs. The right maintenance strategy is 

crucial in the long term as there is a beneficial trade-off between increase in maintenance quality and 

the decrease of repairs and consequently disruptions and downtimes (Albrice, n.d.). A well-defined 

maintenance strategy should be planned for the long term with annual programming and action plans 

to achieve the objectives set by the organisation. Here are three types of maintenance that can be 

identified: 

• Corrective Maintenance 

• Preventative Maintenance 

• Predictive Maintenance 

 

Corrective Maintenance 

A form of maintenance whereby no routine maintenance tasks are performed. The only planned 

maintenance on the asset is restoration after a problem necessitates some action, including all the 

repairs performed after failure occurred as a reaction to the occurrences. It is therefore also called 

reactive maintenance. Relying uniquely in this strategy may result in increased costs due to unplanned 

downtime of equipment, increased labor and repair or replacement of equipment. The apparent 

advantage perceived by the cost saving in the short term is in fact an illusion, as it turns out to be much 
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more expensive to the business activities the decrease in productivity generated by the downtimes 

and the replacement costs than the regular supervision and interventions thar can be done as an 

alternative (Sullivan et al., 2010). 

 

Preventive Maintenance 

PM refers to the regular maintenance of equipment according to a predetermined schedule that is 

based on equipment characteristics and capabilities. It is used to prevent problems before they occur 

and to retain the system in proper operation condition. Based on operating experience and probability 

estimates, the fixed interval scheduled inspection and the repair or replacement of critical components 

can increase component operational life/availability, decrease equipment downtime and costs for 

labour and new components costs, as well as mitigating safety risks (Fukushige et al., 2018). Studies 

indicate that facilities can save from 12% to 18% using PM techniques, versus CM. A PM program 

typically would include regularly scheduled activities such as changing belts and filters, cleaning indoor 

and outdoor coils, lubricating motors and bearings, cleaning and maintaining cooling towers, testing 

control functions and calibration, and painting for corrosion control. The principal disadvantages of 

the strategy is the labour intensive model associated and the possibility of unneeded maintenance and 

hence, not cost optimal (Sullivan et al., 2010).  

 

 

Predictive Maintenance 

PdM strategy is based on monitoring and measuring the condition of the assets to determine whether 

they will fail during some future period and then taking appropriate action to avoid the consequences 

of that failure. Like PM, it is a proactive approach. However, instead of making repairs based on a 

predetermined calendar schedule, the predictive approach makes repairs based on the actual 

condition of the equipment. Past studies have estimated that a properly functioning PdM program can 

provide a savings of 8% to 12% over a program utilizing PM alone. Depending on a facility’s reliance on 

CM and material condition, it could easily recognize savings opportunities exceeding 30% to 40% 

(Sullivan et al., 2010). The main disadvantage is cost, as it often implies new software implementation, 

facilities staff trainings or even new specialized work force. PdM is often referred to as condition-based 

maintenance (CBM). The constituents and sub-processes within CBM include sensors and signal 

processing techniques that provide the mechanism for condition monitoring (Raheja et al., 2006). The 

predictive results regarding the state of use of the assets are heavily dependent on the capacity of the 

technology systems adopted to collect and process data. The study by Ellis (2008) demonstrates that 
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is not possible to successfully implement a CBM without managerial support, data and respective 

analysis as well as a strong knowledge and experience background from the maintenance interveners. 

This approach represents a goal to all the organizations aiming to avoid damage or capital loss due to 

failures (Yang, 2004). 

 

 

 

Table 2: Pros and Cons of different Maintenance Strategies 

Maintenance Approach Pros Cons 

Corrective 

 

• Minimal Staff 

• Low Initial Investment 

 

• Least efficient & cost-

effective 

• Increased cost of 

unplanned downtime, 

labour, repair 

• Inefficient use of staff 

Preventive 

• More efficient & cost-

effective 

• Less equipment failure/ 

downtimes 

• Lack of prioritization 

• Unnecessary 

maintenance 

Predictive 

• Highly efficient & cost-

effective 

• Least equipment 

failure/downtimes 

• Improved safety, 

productivity 

• Greater prioritization 

• Highest initial 

investment (staff, 

training, software) 

• Savings potential not 

immediate 

 

 

An efficient asset management strategy ensures that the existing assets allow the business to achieve 

its current and future needs. Not only it has to assure the availability, reliability, and performance of 

the current assets but also to prepare and plan the required resources and procedures to secure the 

future strategic objectives. Furthermore, it also consists of a structured and knowledge-based 

approach with systematized procedures. This is not only capable of improving the communication 



30 
 

across the organization but also results in the continuous and sustainable improvement of the 

procedures and information available (Flores-Colen & de Brito, 2010). There is no perfect maintenance 

strategy to suit all facilities and assets. In that sense different maintenance strategies should be 

blended inside a common LTMS not only because of the significant capital and maintenance costs but 

also because real estate and infrastructure create the boundaries and opportunities in which 

companies pursue their strategic objectives and are central to the creation of organizational culture 

(Tranfield et al., 2004). Taking into account the three strategies described earlier, the development of 

a systematic method to balance between preventive and CM, and the right PM action for the right 

component at the right time, should be a priority. While PdM generally has the highest maintenance 

cost, it will result in the lowest repair costs. CM, on the other hand, has the lowest maintenance cost 

but the highest corresponding costs associated with asset repairs. The inclusion of advanced analytics 

to leverage the BD generated by today’s modern BAS, which provides accurate, timely, and actionable 

information that can be leveraged to achieve optimal building performance and cost-effectiveness.  

 

 

Figure 11: Correlation between the maintenance costs and repair costs associated with the three 

different maintenance strategies as seen in (Albrice, n.d.) 
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2.2.3. ECB 

 

The ECB is the highest financial entity of the combined Eurozone and it has a critical influence on the 

economic stability of Europe. The organization responsibilities are accompanied by a constant drive 

for improvement and pursuit of excellence. Therefore, it is essential to create the conditions for the 

bank's core activities to be carried out with full guarantees of security, stability, and dynamics in a 

constant and efficient manner. The business world has followed the exponential rate at which 

technology is developing, mutating, and adapting. Here again the ECB has stood out as a pillar of 

innovation and adopter of new technologies, a vision that is totally transversal to the whole institution, 

reaching all areas of intervention of the bank. The Directorate Administration (DA) of the ECB within 

the Directorate General Corporate Services provides integrated technical and infrastructural facility 

and security management, as well as real estate and construction project management services. 

Furthermore, it coordinates the ECB’s environmental management system, the occupational safety 

management system, as well as fire prevention related management activities. The DA Governance 

framework applies to all ECB owned and/or occupied premises, including the main building, as well as 

the leased buildings such as the Euro Tower and the Japan Center which provide space for around 

6,700 workplaces for internal and external staff, consultants and visitors. It details the organizational 

set-up, processes, and procedures of DA with the objectives to support the ECB business strategy, 

deliver excellent services to our customers in compliance with laws, regulations and standards and 

continuously strive for improvement. Within the frame of its institutional functions, DA’s vision of “We 

care. Matching your work environment needs with innovative solutions” strives for the provision of an 

excellent work environment and related services to ECB staff to enable them performing their mission 

for the benefit of Europe (ECB Documentation, 2021). This vision is supported by seven foundations: 

• We work together to make sure you are safe and secure at work – physically and online. 

• We provide everything you need to work – from workplaces to IT equipment to software. 

• We drive innovation through projects. 

• We support data-driven decision making. 

• We support you in developing and running strategic planning. 

• We ensure that the financial information about the ECB is compliant and transparent. 

• We make sure that we are a green institution. 

 

The organisational structure of DA is a part of the Directorate-General Corporate Services under the 

direct authority of the Chief Service Officer (CSO). Governance & Transformation Services (GTS) is a 
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division reporting directly to the CSO that, acting as a cross-functional service platform, supports the 

CSO service areas. 

 

Figure 12: DA Organisational set-up and integration of GTS as seen in (ECB Documentation, 2021) 

The DA is constituted by three divisions: Administrative Services, Premises and Security, and Safety. 

Within the divisions the different branches of activities are divided into sections. When it comes to 

FM, it is part of the responsibilities of the Technical Facility Management Section (TEFM) is a part of 

the Premises division, and its duties include ensuring operation and maintenance of buildings, and 

technical infrastructures with the exemption of Security installations and IT systems, audio media 

services, and management of utilities for ECB owned or leased buildings The section is comprised by 3 

teams: 

 

Figure 13: TEFM Section Organisational set up 
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The first team is responsible for the technical FM of ECB, coordination, and execution of technical 

maintenance (e.g., emergency power supply test, fire alarm system) and provision of relevant 

documentation. Its responsibilities range from directing service providers in maintenance activities and 

executing quality checks (e.g., of office floors, activities held by service providers) to ensure high 

standards, to actively collaborate with other division sections for the technical implementation of 

office layout changes and supporting ECB construction projects. 

The second team is responsible for the development and execution of concepts to ensure high 

operational safety and maintenance services for the ECB. Its tasks range from management of complex 

operations, maintenance projects and related technical systems to guiding internal and external 

specialized teams and assisting in the management of projects with regard to technical and building 

matters, including definition of specifications and standards for the ECB’s technical systems and 

installations, ensuring compliance with contractual and technical regulations. The team is also leading 

the development, implementation and oversight of a long-term asset maintenance strategy and it 

oversees the BAS and related policies, as well as keeping the system knowledge on ECB site and 

manage external technical FM providers.  

The Audio Media Services team provides audio and media services (e.g., projectors, laptops, 

televisions, media playback devices, amplification systems), it runs and maintains the technological 

facets of the ECB’s conference and meeting facilities, and procures audio/media equipment and 

services. 

The activities that comprise the section's commitments are spread over three buildings, two on lease: 

Japan Center and Euro Tower and the Main Building, where this project is focused, owned by the bank. 

The main building comprises three main elements: the Grossmarkthalle, Frankfurt’s former wholesale 

market hall with new internal structures; a high-rise consisting of two office towers joined by an 

atrium; and the entrance building, which creates a visual link between the Grossmarkthalle and the 

high-rise and marks the main entrance to the Bank facilities. Looking at the numbers, there are around 

3000 workplaces, spread over 42 floors in a total area of approximately 120,000 m2, which requires a 

total coordination of resources as well as a combined effort between the division's teams and service 

providers (ECB PREMISES, 2014). When confronted with the context of the organization, the TEFM 

teams need to assure the availability, reliability, and performance of the current assets, but also to 

prepare and plan the required resources and procedures to secure the future strategic objectives. The 

extreme importance of all the activity carried out within the building entails that the risks associated 

with a downtime caused by the failure of a technical installation may result in devastating 

consequences, therefore the maintenance strategy cannot fully rely on CM. At the same time, the 
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necessary interventions should be strategically planned so as not to jeopardize the Bank’s normal 

operations. Not to mention, the fixed interval schedule has an important role on the planification of 

asset maintenance. However, budgetary constraints and other areas of intervention of equal 

importance can limit the investment and resources available, in this sense the bank seeks to implement 

a PdM strategy based on the equipment condition where repair or replacement decisions are based 

on the current and projected future health of the equipment, allowing less downtimes, longer useful 

life cycles of equipment, reduction of costs and maximum maintenance impact. Nevertheless, it is still 

important to understand that reactive assistance will never cease to exist, even when a successful PdM 

has been implemented. A sustainable asset management is crucial to ensure the alignment of 

corporate and infrastructure strategies and needs to connect them with the asset management 

operational level (Whitfield, 2020). Taking these strategies into account, it is important to balance the 

business needs, risks and the operating and maintenance costs and create a deliberate plan of action 

containing a set of rules used to provide guidance for conducting an effective maintenance (Ding & 

Kamaruddin, 2015). The ECB decision-making bodies recognize the need to define Long Term Asset 

Maintenance Strategy with the objective to determine optimum timing of maintenance, refurbishment 

and replacement of assets, in order to cope with needs of the organization and optimization of 

resource. The key steps in development of a maintenance strategy have been defined in the following 

way: 

 

1. Initial Pilot model Kick-off, with a sample of assets that have been prioritized. 

 

2. Implementation of a PdM strategy for all critical and Health Safety and Environment. 

 

3. Evaluation for the demand of PdM for other equipment and areas of the building. 

 

4. Considerations and implementation of future applications. 

 

 

An initial pilot model was established, and a sample of assets was selected according to their criticality 

on the overall bank’s activities performance. Relevant parameters in the assessment of the condition 

of the assets have been defined and data relating to the same have been collected and prepared, then 

a fuzzy model have been applied in order to calculate the current condition of the equipment. The 

second step takes into consideration a PdM strategy for all critical and Health Safety and Environment 
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plants. In the third step, an evaluation for the demand of PdM for other plants is made. The step also 

considers which sensors need to be installed to improve the quality of the outputs. The fourth step 

considers the future of the strategy and long-term decisions. It includes a long-term asset strategy that 

has a data driven decision making process. Real time data will be accessible. This will ensure accuracy 

and quality of the long-term asset strategy. 

Before the start of the pilot model, the service provider carried out an inventory of the equipment 

under the responsibility of the section and which are part of the contracted outsourced maintenance 

services, then the components of an Heating Ventilation Air Conditioning (HVAC) systems have been 

chosen as the test sample. They are high-value assets of buildings with a high impact on building 

performance and energy efficiency. Defects, improper operation or failure of the HVAC system may 

result in poor health and low productivity. Furthermore, inefficient operation and maintenance of the 

HVAC system can cause energy wastage, customer complaints, poor indoor air quality and even 

environmental damage (Wu, 2010). Besides the HVAC systems tend to be isolated in technical rooms, 

making it possible to technical personnel to perform the maintenance tasks without interrupting the 

daily activity within the building (Au-Yong et al., 2014).  

The pilot model, developed by the service provider, is based on two parameters (Inputs) that when 

combined calculate the level of stress to which the equipment has been subjected. This is done by 

means of rules aimed at re-creating a logical and technically based reasoning. The parameters are 

based on the experience and technical knowledge of the technicians responsible for the maintenance 

of the equipment. The first parameter is the number of times the equipment is active; in other words, 

how often a given component is requested and in which its state changes from a resting position to 

the execution of a given function, the values mirror the monthly activity. The second parameter is the 

age component in hours. Each device has its expected longevity which can vary according to the 

typology, material, exposure and expected use levels. High usage on older equipment will have a higher 

impact on the deterioration than on new components. The first is collected by the SP experts from the 

BAS, a control and complex core system that receives information collected by sensors spread over the 

main building to monitor the activity of equipment. The system has the control of all safety and security 

devices; thus, it is isolated from any interface, causing the data collected by the system to be only 

accessible through manual extraction - a task caried exclusively by specialized and authorized staff 

members due to security protocols. The second parameter is provided by SP and manufacturers - the 

two intervenient parties with access to detailed asset information. The final objective of the teams is 

to estimate the percentual left wear margin of each equipment and make decisions related with the 

remaining condition of the equipment. The installation date of the equipment represents the full 

effective life. As with time and frequency of utilization the equipment will deteriorate, the left wear 
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margin will decrease. Even though the life of the equipment only ends at 0%, a safety margin of 20% 

was defined by the specialists, because when the equipment reaches this level the probability of failure 

is very high. Even if the equipment does not fail completely, the downtime, the costs of CM and the 

high probability of recurrence make the risk of leaving the equipment in operation until the end of its 

life a suboptimal solution.  

 

Figure 14: Typical Asset Deterioration Curve adapted from CPM Section (2020)  

 

The outlined strategy should be followed not only for the integrity of the bank's activities but also by 

seeking cost optimization through exhaustive planning of the most appropriate type of maintenance 

for each piece of equipment at a given stage of the life cycle. The replacement threshold tries to meet 

the exact moment where the negative sloped equipment condition curve intersects the increasing 

maintenance costs and probability of failure curves, defining an optimal timing for intervention.  

 

Figure 15: Optimum timing of maintenance, refurbishment and replacement as seen in CPM Section, 

(2020) 
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The TEFM section has prioritized the creation of a plan of action, containing a set of rules used to 

provide guidance for conducting systematic monitoring and effective measures against aging 

mechanism and obsolescence (maintenance, refurbishment and/or replacement). The wear margin 

can indicate the condition level when the asset should be physically inspected, repaired, or replaced. 

The calculation concept of the wear margin is to predict the actual status/reserve of a 

plant/component. 

 

2.2.4. Applications of Fuzzy logics 

 

A significant number of studies can be found where Fuzzy techniques have been applied contributing 

to the resolution and optimization of many situations and real problems. Some examples include the 

planning of replacement of medical equipment and fuzzy theory applications in traffic and 

transportation planning (Mummolo et al., 2007; Sarkar, 2012). In the engineering sector, different 

areas have been potentialized, uncertainty around materials resistance to stress, weather, and use are 

perfect scenarios to fuzzy theory implementation. In industrial engineering areas like manufacturing, 

project management, control of processes, inventory and quality, risk analysis and safety have been 

enhanced by implementing techniques developed for solving problems of mechanistic systems with 

FL. Fuzzy controllers have also been installed with great success in a broad variety of consumer 

products, including washing machines, refrigerators, video cameras, vacuum cleaners, automobiles’  

antiskid brake systems (ABS), automatic transmissions, TV sets, control of the elevators, spam filters, 

video games and many others. Many industrial application projects that employ fuzzy control have 

been completed nowadays. A few examples are elevator control systems, traffic control systems, 

control of bulldozers, control systems for cement kilns, and also air conditioning systems (Reznik, 

1997). The last ones are major related with central HVAC systems that are widely used in large 

buildings. These complex installations consist of chillers, water distribution systems composed by 

pumps and insulated steel pipes, air handling units, air distribution systems consisting of insulated 

ducts, fans, dampers and air terminals, electrical distribution systems and control systems (Morales 

Escobar et al., 2020). Different studies have been implementing control systems in these equipments 

using FL. The finality is typically a control method to maintain the ambient temperature (Hanamane et 

al., 2006; Berouine et al., 2019), or to optimize the high energetic consumption of the equipment (Al-

Ali et al., 2012). 
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2.2.5. Research focus 

 

Within research and articles of relevance in the FM sector few indicators of the implementation of FL 

for the strategic benefit of organisations have been identified. The reliance on inefficient and time-

consuming processes, and the lack of technological resources creates reluctance to change, adoption, 

innovation, and continuous investment on the research in the field (Motamedi, 2013). Combining the 

values of the parameters, assumptions can be made about the level of stress presented for each 

component, but even with accurate expert opinions, the result often involves subjectivity resulting in 

a qualitative vague outcome (such as “low”, “medium”, “high”) so the application of FS is a promising 

approach to overcome these challenges. In addition to that, in such a complex and large building like 

the ECB headquarters, the spectrum of equipment is wide which at a later stage with the extension of 

the model to other areas will become a limitation. As the current calculation lack structure, automated 

processes, and computational capabilities, making it a manual and time-consuming procedure with no 

scaling prospections. In light of all these factors, the proposed thesis is focused on the first step defined 

and already underway in the LTMS and holds as motivation the implementation of a new approach to 

the assessment of the equipment stress level of the sampled equipment using a FIS. Taking advantage 

of the computation capabilities of Python, in particular the skfuzzy library, this project aims to present 

an adaptive MF design allowing to specifically address each component characteristics and correctly 

interpret the parameters crisp values, automate the stress level computation and generate graphical 

visualizations of the input and output FS, maintain a knowledge-based criteria, based on the Service 

providers and TEFM’s  personal. As FIS, especially the Mamdani type, can be efficiently used as a bridge 

between the domain expert and a CBM system, using knowledge bases that are in easily 

comprehensible “IF…THEN’’ format (Kothamasu & Huang, 2007). 

 

The implementation of this model also aims to combat the isolation and one-way interaction between 

the service provider and the TEFM section of the bank, thus boosting cooperation between both sides, 

strengthening bonds of trust, sharing responsibilities and creating a culture of active and continuous 

communication around the established model. The service provider's specialized technical knowledge 

is crucial for the correct measurement of equipment deterioration margins and its integration keeps 

the teams aligned and motivated in the search for the best results, making possible a correct execution 

of the decisions taken. This dynamic cycle of synergies that integrates all the intervening parties and 

ultimately reinforces the effectiveness of the implemented strategy is often sacrificed in exchange for 

rigid distribution of responsibilities and lack of inclusion in the definition phase of the projects. 
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3. METHODOLOGY 

Whereas empirical sciences acquire knowledge about the natural world (physics) or human behaviour 

(social sciences), DSR is interested in IT artifacts, such as algorithms, methods and modelling languages, 

and the effectiveness of their use, it seeks to invent new means for acting in the world to change and 

improve reality. As a result, DSR re-creates reality through developing and evaluating artefacts that 

serve human purposes and solve human problems (Weigand et al., 2021). In this project a new 

approach to assessment of the left wear margin of specific equipment is presented through a 

reinvented fuzzy control system supported by applied scientific literature and documentation of 

established models. The development of this work is sustained on quantitative research by studying a 

representative sample of the population and covers both types of experimental and descriptive 

research. 

The experimental research tests the accuracy of a theory by determining if the independent variable(s) 

causes an effect on the dependent variable (the variable being measured for change) (Lowhorn, 2007). 

This will be further studied in the antecedent consequent relation of the fuzzy model. In addition, 

descriptive research is part of the developed model as the sample will be measured at a specific 

moment in time with specific characteristics, this way not taking full ownership on future evaluation 

conditions. A six-step DSR methodology (Peffers et al., 2007) has been selected as the guidelines to be 

fulfilled throughout this work. 
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Table 3: Design Science Research Methodology (DSRM) adapted from Venable et al. (2017) 

Research Step Concerns Output for next step Entry Point 

1. Identify Problem 

& Motivate 

• Define Problem 

• Show Importance 
Inference Problem-centred Initiation 

2. Define Objectives 

of a solution 

• What would a 

better artifact 

accomplish? 

Theory 
Objective-centred 

Initiation 

3. Design and 

Development 

• Artifact How-to Knowledge 
Design & Development-

centred Initiation 

4. Demonstration 

• Find Suitable 

context 

• Use artifact to 

solve problem 

Metrics, Analysis 

Knowledge 
Client/ Context Initiated 

5. Evaluation 

• Observe how 

effective and 

efficient 

• Iterate back to 

design 

Disciplinary Knowledge N/A 

6. Communication 

• Scholarly 

Publications 

• Professional 

Publications 

N/A N/A 

 

The first two steps have been closely scrutinized in the previous chapter. In this one, the central topic 

will be around the third step, and it will include detailed elaboration of the various components of the 

artefact, as well as the process followed. The context of the problem and its application as part of the 

solution and the evaluation of the results are also central topics on this chapter. The methodology for 

the development of this artifact can be divided in three distinct phases:  
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1. Selection of equipment Sample  

2. Data collection and processing  

3. Development of the Fuzzy Model. 

 

 

Figure 16: Three step approach for the artifact development  

 

3.1. SELECTION OF EQUIPMENT SAMPLE 

 

The sample considered for this project comprises 14 components - all part of the room air technology 

identification block, also labelled TL. Within this group we can segment the equipment as belonging to 

the Pillar TLC, Air-Conditioning System. The equipment chosen include a Rotor Controller Heat 

Exchanger (RCHE) - a rotatory wheel with small ducts made of aluminium responsible for transferring 

heat from one place to another.  Heater and Preheater Pump (HP,PP) are responsible for move heat 

from low-temperature sources to high temperature demand environments. Preheater, Reheater and 

Cooling Valve (PV,RV,CV) are used to control the flow of hot and cold air in the pipes. Frequency 

Converter Supply and Exhaust Fan (FCSF,FCEF) are responsible for the speed control in the fan’s electric 

motor. Humidifier Control (HC) regulates the water supply in the humidifier; therefore, levelling the 

air humidity provided by the HVAC system. Also outside, Supply, Exhaust and Recirculation damper 

(OAD, SAD,EAD,RAD) regulate airflow and redirects it to specific areas. These equipment are part of 

the Main Building Air Conditioning System and belong to the sample considered in the Initial Pilot, as 

shown in Table 1. The selection criteria was based on a “criticality” assessment specifying which are 

the “sovereign” assets and which do not have a relevant impact on the operational side. The selected 
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sample comprises critical assets whose failure would have a significant effect on the organisation’s 

objectives and therefore must be prioritized (Audit New Zealand, 2017). 

 

Table 4: Sampled Equipment from Air Conditioning System 

 

 

3.2. DATA COLLECTION AND PROCESSING 

 

The data acquisition step involves the collection and storage of information related to the physical 

system being monitored. The data may be obtained by either manual inspection or automatically with 

the use of sensors. In the context of building systems, automated data acquisition is usually handled 

by the BAS. However, there is a lack of sensors relating to the health of the components. 

The data in this project has been made available by the service provider, the identity responsible for 

the execution of the Pilot project under development and fulfilment of the maintenance service 

contract. Therefore, some changes took place in the original data in order to guarantee the correct 

execution of procedures associated to the compliance of security and confidentiality rules. 

Pillar Equipment Code Equipment Type Equipment Key Units 

TLC TLC1007.EP201.KF001 Rotor Controller Heat Exchanger RCHE 1 

TLC TLC1003.EP202.MA001 Preheater Pump PP 1 

TLC TLC1003.EP202.QN001 Heater Pump HP 1 

TLC TLC1003.EP203.QN001 Preheater Valve PV 1 

TLC TLC1003.EQ201.QN001 Reheater Valve RV 1 

TLC TLC1003.HW201.KF001 Cooling Valve CV 1 

TLC TLC1007.EP202.MA001 Control Humidifier CH 1 

TLC TLC1007.GQ201.TA001 Frequency Converter Supply Fan FCSF 1 

TLC TLC1007.GQ401.TA001 Frequency Converter Exhaust Fan FCEF 1 

TLC TLC1007.QM101.MA001 Outside Air Damper OAD 1 

TLC TLC1007.QM201.MA001 Supply Air Damper SAD 1 

TLC TLC1007.QM301/QM401.MA001 Exhaust Air Damper EAD 2 

TLC TLC1007.QM501.MA001 Recirculation Damper RD 1 
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As stated before - two parameters are tracked and collected. Once transformed in valuable 

information to the system created, they are called Input A and Input B, the two parameters have 

distinct origins. The Switching Commands are tracked by the control sensors and automatically 

collected and stored on the BAS. For safety reasons, the system is completely isolated; therefore, no 

interface is available to access this data. Only authorized personal is able to manually extract the 

information. Regarding the component Age which has to do with the running hours of components, to 

calculate properly the number of hours of the machine usage on a given date, it is necessary, through 

the SP, to gather information on the date of installation of the equipment and its expected life span. 

Two data extraction processes are necessary to ensure different phases of the model. The first one has 

to do with the ranges for the inputs and outcomes, as well as guidelines to the FS developments, in 

order to create the universe of variables.  The second one has to do with the Inputs going to be used 

as crisp values in the Fuzzy Algorithm. 

 

 

Figure 17: Inputs Data Flow 

 

3.2.1.  BAS Data collection and cleaning 

Data, regarding the number of usages of the equipment for the year 2020, have been collected from 

the BAS. An extraction of all the status logs changes of the components equipped with sensors is 

performed, followed by a selection by Equipment Code in order to target the desired equipment. 

Besides that, only the changes from a resting to active status are accounted. The remaining device 

status changes are not relevant to evaluate the number of times the equipment has been activated. 
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The number of activations for each month is counted, and three metrics are created: minimum number 

of monthly activations for 2020, maximum monthly activations, and annual average per equipment. 

Even though the equipment works in a system they still have a considerable level of independency 

which may lead to variations on the parameter as seen in the Table 5. 

 

Crisp Input A  

The second extraction comprises the switching commands for the months of January and February of 

2021. These values will be interpreted by taking into account the reference values of 2020 and can 

thus be classified within a linguistic variable and incorporated in one of the FS pertaining to the MF, as 

described further on.  

Table 5: Switching Commands Variables for Input A 

Equipment Code Description 
Switching commands 

Min(SC) Mean(SC) Max(SC) 

TLC1003.EP202.MA001 PP 4 17 32 

TLC1003.EP202.QN001 PV 0 3 4 

TLC1003.EP203.QN001 RV 0 3 4 

TLC1003.EQ201.QN001 CV 0 3 4 

TLC1003.HW201.KF001 CH 6 18 47 

TLC1007.EP201.KF001 RCHE 51 92 112 

TLC1007.EP202.MA001 HP 6 27 70 

TLC1007.GQ201.TA001 FCSF 37 64 86 

TLC1007.GQ401.TA001 FCEF 37 64 86 

TLC1007.QM101.MA001 OAD 87 188 228 

TLC1007.QM201.MA001 SAD 115 186 228 

TLC1007.QM301.MA001 EAD 115 186 230 

TLC1007.QM401.MA001 EAD2 87 187 226 

TLC1007.QM501.MA001 RD 0 124 216 

 

 

3.2.2. Technical Records and Equipment Details 

The information here specifically concerns the date of installation of the equipment and its lifetime in 

years. It was collected with the help of the teams responsible for the equipment and technical files 
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provided by the manufacturers. The number of years of the expected lifetime of the equipment is then 

converted into hours in order to easily calculate the effects of stress levels on each individual piece of 

equipment. The value is then divided into three equal parts, representing three levels of aging of the 

equipment. Stage 1 represents one third of the life span of the equipment and is also considered by 

the technicians involved as the phase in which the equipment is new. Stage 2 corresponds to two slices 

of the life span. And finally, Stage 3 indicates an advanced stage and the last third of the life span of 

the equipment. Three different life expectancies are identified within the sample. The values 

correspond to 15 years (131400 hours), 20 years (175200 hours) and 30 years (262800 hours). 

Crisp Input B 

By having in mind that the same months analysed in Input A, the number of hours from the date of 

installation until the end of the respective month are calculated, the number of hours of usage will be 

then associated with an aging stage. 

Table 6: Component Age for Input B 

Equipment Code Description Installation Date Total Hours 
Component age 

Stage1(H) Stage2(H) Stage3(H) 

TLC1003.EP202.MA001 PP 31/12/2014 175200 58400 116800 175200 

TLC1003.EP202.QN001 PV 31/12/2014 175200 58400 116800 175200 

TLC1003.EP203.QN001 RV 22/10/2014 175200 58400 116800 175200 

TLC1003.EQ201.QN001 CV 22/10/2014 175200 58400 116800 175200 

TLC1003.HW201.KF001 CH 22/10/2014 262800 87600 175200 262800 

TLC1007.EP201.KF001 RCHE 22/10/2014 131400 43800 87600 131400 

TLC1007.EP202.MA001 HP 31/12/2014 175200 58400 116800 175200 

TLC1007.GQ201.TA001 FCSF 31/12/2014 175200 58400 116800 175200 

TLC1007.GQ401.TA001 FCEF 22/10/2014 175200 58400 116800 175200 

TLC1007.QM101.MA001 OAD 22/10/2014 262800 87600 175200 262800 

TLC1007.QM201.MA001 SAD 22/10/2014 262800 87600 175200 262800 

TLC1007.QM301.MA001 EAD 22/10/2014 262800 87600 175200 262800 

TLC1007.QM401.MA001 EAD2 22/10/2014 262800 87600 175200 262800 

TLC1007.QM501.MA001 RD 22/10/2014 262800 87600 175200 262800 
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3.3. FUZZY MODEL  

 

The fuzzy algorithm proposed in this study was developed through the integration of the following steps:  

1.  Define Universe of discourse for the variables, 

2.  Define MFs for the inputs and outputs. 

3.  Fuzzification 

4.  Rules  

5.  Inference and defuzzification  

 

To build this artefact, a FL Toolbox for Python has been used. Scikit-fuzzy or skfuzzy is a collection of 

FL algorithms intended for use in the SciPy Stack. Written in the Python computing language, it helps 

in the implementing many useful tools for projects involving FL. 

 

Figure 18: Methodology of the proposed artifact framework based on FS theory 

 

3.3.1. Define Universe of discourse for the variables 

 

Once imported the library, the universe for the inputs and outputs needs to be defined, this range 

represent the crisp values array. Combining the dynamic computation capabilities of Python language, 

a For Loop is added before the algorithm ranges, making it possible to have adjusted scopes for each 

equipment.  

 



47 
 

Input A Range [ 0, Max(SC)+10]  this will set the array between 0 the minimum number of times each 

equipment can be activated and the Maximum times the equipment was activated in 2020 plus 10 

activations. This uncertainty interval was added after consultation with experts. It is also important for 

a better interpretation of the graphs whenever a value exceeds the maximum of the reference year. 

 

Input B Range [ 0, Stage(3)]  to the second array, the universe of values depend on the expected life 

time of the equipment.  As seen before, this variable can take three different values in hours. Here, no 

extra value is necessary as the maximum number of hours will never be surpassed. 

 

Stress Level Range [ 0, 250] the standard value of stress level for any equipment is 100%, meaning that 

every level above the mentioned value is considered a higher-than-normal effort to it. Nevertheless, if 

the result is below 100 it is reported as a under-stressed value. Previous tests conducted on the 

machinery led to setting the maximum to 250 since no records above this threshold were obtained. 

 

3.3.2. Membership functions for the inputs and outputs 

First, it is necessary to define the linguistic terms inside each linguistic variable. Alongside with the 

service provider maintenance team and making use of the variables created to inputs A and B through 

the data collection and processing steps, three levels have been set for each fuzzy variable. On input 

A: small, normal, and big and for Input B new, midlife and old. These levels represent the terms for 

each linguistic variable and are defined through MFs, as depicted in Table 7. Trapezoidal and triangular 

MFs have been chosen to define the different groups of values. Their respective MFs intervals 

(domains) can be seen in the fourth column of Table 7. 
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Table 7: Membership Functions Ranges for Input Linguistic Terms. 

Input 

Linguistic 

Variables 

Linguistic 

Term 

Membership 

Function Format 
Membership Function Domain 

Input A 

Small Trapezoidal [0, 0, Min(SC), Mean(SC)] 

Normal Triangular [Min(SC), Mean(SC), Max(SC)] 

Big Trapezoidal [Mean(SC), Max(SC), Max(SC)] + 50, Max(AC)]+50] 

Input B 

New Trapezoidal 

 

Midlife Triangular 

 

Old Trapezoidal 

 

 

 

To illustrate the construction of the inputs MFs and better understand the defined domains for all term 

domains, two equipment have been selected: PV and SAD. Observing Fig.19, the three MFs represent 

the terms for each of the inputs linguistic variables. In blue for the Input A, the FS “Small” is 

represented in a trapezoidal format, followed by a triangular shaped FS in yellow for “Normal”, and a 

trapezoidal function representing the “Big” term in green. 

 

 

Figure 19: Graphical representation of MFs for Input A. 
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In both sets, the first two vertices have the value 0, followed by the value Min(F) which means that in 

this interval the membership will be equal to 1. In the case of PV, we can say that in the interval [0,4], 

the crisp value obtained has a 100% probability of belonging to the FS "small". The opposite happens 

when the function and the x-axis meet which can be verified when the Input value A is 17, the Mean 

(SC) for the specific equipment. For the second Equipment, SAD, the blue FS representing the lower 

frequency level has a much larger extension, as seen in the picture, it only drops on 100% membership 

close to 100 activations. Since the value that represents the membership to one or more functions 

cannot be greater than 1, the lines of the different memberships tend to intersect in the middle of the 

y-axis, which quantifies the percentage of belonging to each of the sets. This number always varies 

between 0 and 1. Using the second image as an example, if the input A value is 150 there is a 50/50 

chance of belonging to “small” and “normal”, this is the point of view that the use of FL adds. 

 

Whenever one of the functions has the value of 1, the remaining have the value 0. The yellow MF 

represents the range of the linguistic term "normal”, and it has a Triangular shape, as it can be 

overserved it only has three vertices, the last trapezoidal MF in green represents the "big" term. 

Comparing the two graphs we can see that the values presented in table A, influence the MF format. 

A similar projection has been conducted to Input B, as it can be seen in Figure 20, the range of the crisp 

values varies accordingly to the expected lifetime in hours of the equipment. The two selected 

equipment are a good example of that. The midlife term has its fully membership exactly at the middle 

of the useful life. Here, there are considered two periods where the equipment is considered totally 

new, at the beginning of the blue 'new' function, and one with the same interval at the end of the life 

cycle where the state of deterioration of the equipment is high and it is considered "old", highlighted 

in green.  

 

 

Figure 20: Graphical representation of MFs for Input B. 
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After defining the MFs for the three terms of each of the two linguistic input variables, we must now 

define the linguistic output variable, Stress Level. It is composed by 5 linguistics terms: “Very Low”, 

“Low”, “Medium”, “High” and “Very High” the same logic is followed. 

 

Table 8: MFs Ranges for Output Linguistic Terms. 

 

 

 

 

 

 

 

 

 

The first four MF have a triangular shape while the last one is trapezoidal. This is due to the fact that 

the results obtained through the inference of the equipment can present a value higher than 200 %. It 

is crucial to note that the highest point of the green MF "medium" indicates the crisp value 100; 

therefore, the neutral value assigned to the stress level is represented at 100%. 

 

 

 

 

 

 

Output Linguistic 

Variable 

Linguistic 

Term 

Membership Function 

Shape 

Membership Function 

Domain 

Stress Level 

Very Low Triangular [0,0,50] 

Low Triangular [0,50,100] 

Medium Triangular [50,100,150] 

High Triangular [100,150,200] 

Very High Trapezoidal [150,200,250,250] 

Figure 21:  Graphical representation of MF for Output Stress Level 
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3.3.3. Fuzzification 

The fuzzification process transforms the numerical measurements into fuzzy variables. In other words, 

it converts crisp input into a fuzzy value. For the sake of simplicity, the previously exercised 

components (PV and SAD) are used as examples and the results of fuzzification for all the equipment 

are available in the appendix. As mentioned, the monthly values for January and February 2021 were 

collected and transformed to present the relevant crisp values for the model. The following table (see 

Table 9) presents the results for both months. 

Table 9: Monthly Crisp Values for Input A and B. 

Description 
Input A Input B 

01-21 02-21 01-21 02-21 

PV 1 7 52608 54024 

SAD 194 56 54288 55704 

 

In January 2021 for PV only one activation has been registered. The number of hours of use was 

calculated by accounting for the difference between the installation date and the last day of the month 

of the year being analysed. The value for that is 5260 which gives us the crisp value of input B. In Figure 

22, below, the crisp value of the two inputs is represented by a black vertical line. In the case of Input 

A for January, the value 1, activates two MFs with different weights. The "small" MF crosses the 

representation line, when y=0.67 while the "normal" MF presents the value y = 0.33, also named levels 

of antecedent truth. In February, the number of activations was 7, activating only the "big" MF with 

the value y=1. Since the crisp values of the input B have a cumulative nature, the variation will be 

progressive and expected, contrary to the unpredictability of the number of activations. In January, 

the linguistic term "New" is represented at 60% and in February at 57.5%. Nonetheless, the term 

"Midlife" rises from 40% to 42.5%. This behaviour is logical since as time goes by the equipment will 

find values that are more strongly represented by the Midlife and Old terms. SAD is a highly demanded 

component when looking at the standard values obtained in 2020, especially when compared PV’s 

results.  The Frequency of Activations from the 2 first months of 2021, 194 and 56 respectively, involve 

the 3 MF in different ways, the first result getting 0.82 for the "normal" term and only 0.18 for the 

"big", the second relating only to the "Small" function. Regarding the age component, the logic remains 

the same, with the only difference being a greater activation of the "new" MF since the SAD has an 

expected life of 30 years. In the images the coloured areas are define at the top by the value at which 

the function intersects the crisp value and they represent the DoM to the MF. 
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Figure 22: Fuzzification result for Equipment PV and SAD - January 2021 

 

                         Figure 23: Fuzzification result for Equipment PV and SAD - February 2021. 
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3.3.4. Rules 

 

Fuzzy rules are used within FL systems to infer an output based on input variables in this step it is 

described the rule set for the model. To ensure coverage of the complete space, we must consider the 

two linguistic variables, each with its three terms (MFs), and their possible combinations (3 * 3), which 

would amount to 9 possible rules. The fuzzy rules created are as follows: 

 

• Rule 1: IF Input A is Small AND Input B is New THEN Stress Level is Very Low 

• Rule 2: IF Input A is Small AND Input B is Midlife THEN Stress Level is Low 

• Rule 3: IF Input A is Small AND Input B is Old THEN Stress Level is Medium 

• Rule 4: IF Input A is Normal AND Input B is New THEN Stress Level is Low 

• Rule 5: IF Input A is Normal AND Input B is Midlife THEN Stress Level is Medium 

• Rule 6: IF Input A is Normal AND Input B is Old THEN Stress Level is High 

• Rule 7: IF Input A is Big AND Input B is New THEN Stress Level is Medium 

• Rule 8: IF Input A is Big AND Input B is Midlife THEN Stress Level is High 

• Rule 9: IF Input A is Big AND Input B is Old THEN Stress Level is Very High 

 

Different combinations of antecedents can generate the same output as in the perspective of real use, 

equipment in different phases of its life cycle and with unequal levels of use, can have values of stress 

level within the same linguistic term. Looking at the table 10, the combinations "Big and New", "Normal 

and Midlife", "Small and Old" activate the intermediate level of stress level, not meaning that the 3 

combinations necessarily have the same defuzzified numerical crisp value assigned. 

 

                         Table 10: Rules - Antecedent and Consequent Combination 

 

 

 

 

  
New Midlife Old 

 
Small Very Low Low Medium  

Normal Low Medium High  

Big Medium High Very High  

Input B 
Input A 
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3.3.5. Inference and defuzzification 

. 

Defuzzification, which is the last step of implementing the FS theory, is the opposite of the process of 

fuzzification, by this stage the inputs have its membership degree calculated and are in the form of a 

fully linguistic statement, in order to get a crisp numerical value as an output it must be reverted back 

through defuzzification.  

 

As seen, our model has two antecedents (Inputs) and one consequent (Output), 9 rules with the 

operator “AND” have been set and the output of each rule is a FS; therefore, a Mamdani system using 

the minimum DoT of each rule membership value is transferred to the output membership degrees. 

To better understand this procedure, once again, the PV output inference in January 2021 is illustrated 

in Figure 24, although the MFs are previously defined. The DoT in each of the functions are attained 

through the conjugation of the system rules and the DoT of the inputs obtained in the fuzzification. 

The low crisp value of input A triggers both “small and normal” MF as for input B “new and midlife” 

have membership higher then 0, therefore rules 1, 2,4,5 are applied. The "and" operator assigns the 

smallest membership value within each rule to the stress level MF that is correspondingly activated. 

By interpretating the four activated rules:  

• Rule 1 – small (0.67) and new (0.6) – Very Low (0.6) 

• Rule 2 – small (0.67) and midlife (0.4) – Low (0.4) 

• Rule 4 – normal (0.33) and new (0.6) - Low (0.33) 

• Rule 5 – normal (0.33) and midlife (0.4) – Medium (0.33) 

 

 

The Very Low MF inherits the lowest DoM from the two input results, in a process named clipping 

where the consequent MF is cut at the level of the antecedent truth. The same logic is followed for the 

other three related rules. In order to defuzzify, the outputs are combined in one single set, if two rules 

are associated with the same output MF only the higher value is considered. Therefore, rule 4 has no 

impact on the output accumulated set as its area is fully within the cumulative area of the other three 

rules. 
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Figure 24: Defuzzification Process for Equipment PV, January 2021 

 

 Figure 25 shows the results MF of Stress Level for the other three scenarios being used as prove of 

concept. We can observe that the different FS are being shaped as a consequence of the strength of 

the rules and the weight of the memberships defined by the crisp values. The black vertical line In the 

Stress Level graphs slices the accumulate output into two equals masses. This exact point represents 

the Defuzzified crisp value and it is computed through the principle of the COG.  This method returns 

a precise value depending on the FS ‘s CoG. In Figure 26, the results obtained for all equipment are 

displayed, with special emphasis for the two equipments described. As a result, crisp values of 63.03% 

and 121.98% were calculated for PV in January and February 2021. The SAD the values for both months 

were 71.96% and 28.79% respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

PV-February 2021 SAD- January 2021 Sad- February 2021 

Figure 25: Defuzzification results for equipment PV, February 2021 and SAD, January and February 2021 
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Figure 26: Defuzzified Crisp Values for the sample of equipment, January and February 2021. 

The Stress level results will consequently impact the condition assessment of the equipment. It is 

important to keep in mind that the 24 hours of the day are being considered in the equipment life 

span, hence the percentage of SL will be multiplied by the that the total number of monthly hours and 

reflecting directly the over or under-stress on which the asset was subjected. In the presented table-

11, three values report under-stress values. In other words, stress percentages of less than 100%, 

resulting in less wear and tear represented by a decrease in the number of hours consumed in the 

month. In February 2021, an over-stressed value resulted in a higher than expected number of monthly 

hours, as it can be seen in the second row of the column Adjusted Monthly Hours. The higher resistance 

of Stage 1 equipment means that the percentages tend to be lower compared to the results obtained 

at Stage 3. The stipulated rules show exactly that tendency, equipment that is at a more advanced 

stage of its life cycle is subject to higher levels of stress, even if the number of switching commands 

does not increase. Consequently, the number of hours consumed will have a propensity to be higher. 

 

Table 11: Stress Level impact on Monthly Equipment Life Hours. 

Equipment 
Monthly 

Hours 

Fuzzy Model 

Stress Level Adjusted Monthly Hours 

PV 
Jan-21 744 63.03% 469 

Feb-21 672 121.99% 820 

SAD 
Jan-21 744 71.97% 535 

Feb-21 672 28.79% 193 
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4. DISCUSSION 

In the methodology chapter, the building steps of the artifact were described. As presented, the way 

the input ranges vary accordingly to the specification of the equipment is one of the most important 

steps of the model as it differentiates this artifact from the researched spectrum. The MF of each input 

are tailor-made according to the characteristics of the equipment. This technique not only allows 

scalability on the process since much time is saved in creating and adapting the limits of each FS and 

in calculating the stress level of individual components, but also and most importantly allows the 

creation of a new approach in the assessment of equipment wear margins. The standardized asset’s 

deterioration estimation is fixed and foreseeable, as the stress level of the machine is not considered, 

only the remaining lifetime is taken into account. Nonetheless, the new model’s left wear margin is 

determined by the intensity of the work to which it is submitted and the temporal conditions that it 

presents in a certain phase of its useful life. Therefore, it is considering the ageing process of the 

machine. The differences between the two approaches can be better understood when comparing the 

wear margins over time. As shown in table 12, first line of each component has the accumulated hours 

and the respective left wear margin of each element following the standardized method for asset 

deterioration. The month of December was considered as a starting point, looking at the PV with a 

total used hours of 52608 at the given date. The number of hours corresponding to January 744 are 

added to a total of 53352 and February 244 with an accumulated value of 54024. The decline verified 

in the last three columns referring to the remaining use is guided only by the variable time. In the 

second row the monthly hours were used and they were calculated through the relation with the stress 

level. Yet, as previously explained, although in December the percentage of wear left margin is equal, 

we can verify a lower decline than the expected in the following months. It is important to refer that 

although in February the stress level is higher than 100%, the mean of the two months is still lower 

than 100%, explaining the higher value at the end. The same behavior is verified at SAD. Despite the 

longer useful life of the equipment, corresponding to 30 years, we conclude that the lower stress levels 

led to a lower wear of the equipment. 
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Table 12: Left Wear Margin Calculation for Expected Deterioration and Fuzzy Model Approach. 

 

  

 

 

 

The results obtained from the algorithm can be evaluated with regards to two concepts. The first one 

is reliability which refers to the dependability of the artefact capacity to perform in a failure-free 

manner under a range of realistic use conditions (Thyer, 2010). The second concept is validity - the 

ability of an instrument to measure what it is supposed to measure (Ibid.). In the context of this study, 

the reliability of the artefact can be claimed if the results obtained from the FIS computation 

consistently marks the correct results under different circumstances. This point has been tested and 

proved by analysing the model performance with different equipment on different periods, demanding 

different inputs having results within the expected values. The validity can be claimed by 

acknowledging that the system presented correctly identifies the different input crisp values. 

Specifically, this means that it activates the correct set of rules and computes the Stress level value 

through a clear and logic method. Furthermore, this study is internally validated by the support 

literature review, presenting a detailed methodology on how it was developed, grounded by accurate 

definitions, theories employed and measurement of variables. 

 

By mapping the deterioration of the equipment, the stakeholders can shape their strategies to 

optimize the activities and longevity of the equipment. In the front line, the technical teams 

responsible for all maintenance work, repair and replacement of equipment, the units can be analyzed 

separately and study variables that may cause higher levels of stress. It can also serve to optimize the 

periods of intervention by readjusting and planning individually each asset. Those with a lower decline 

in degradation can be postponed to a more convenient time, prioritizing those who have a more 

pronounced decline. The automation of the model is equally beneficial for the service provider as it 

allows to quickly get the calculation results and consequently to react in time to possible needs. In 

addition, since the FL controller processes user–defined rules governing the target control system, it 

can be modified easily to improve or drastically alter system performance which can come handy if 

Equipment 
Total 

Hours 

Cumulative hours Equipment Left Wear Margin 

Dec-20 Jan-21 Feb-21 Dec-20 Jan-21 Feb-21 

PV 175200 
52608 53352 54024 69.97% 69.55% 69.16% 

52608 53077 53897 69.97% 69.70% 69.24% 

SAD 262800 
54288 55032 55704 69.01% 68.59% 68.21% 

54288 54823 55017 69.01% 68.71% 68.60% 
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there is a extent of the analysis to other equipment or even if new sensors are installed in new areas 

of the building as they can easily be incorporated into the system simply by generating.  

In a middle and higher layer, the section can use this data for management and planning activities. A 

better optimization of maintenance activities prolongs the life cycle of the equipment and decreases 

the risks associated with failures and breakdowns not only reducing costs but also allocate resources 

in a smarter and economical way since budget constraints can limit the availability and scope of 

maintenance. The model presented is not going to eliminate breakdowns or failures, CM will still be 

necessary when unexpected situations occur. In the same way, there will be a correct planning of PM, 

without excessive interventions that fail to optimize the life cycle of the equipment.  The use of a CBM 

and future planning strategy, as well as the collection of a history of interventions of each piece of 

equipment, helped the section and all active parties to make better decisions during the useful life 

cycle of the equipment, maximizing its performance, reducing costs and contributing to a culture of 

excellence in the bank's activities. This model was presented as part of the LTMS, making the algorithm 

part of the proposed roadmap for implementing a data-driven decision-making model, this project has 

5 steps: 

1.  Identification of the relevant parameters. 

2. Creation of automated data extraction and pre-processing techniques, from BAS. 

3. Fuzzy Algorithm. 

4. Calculation of Wear Margin and mapping of results. 

5. Data visualization through the development of a Dashboard using Tableau analytical 

capacities.  

This proposal deserved attention and consideration of the management members of section and 

division and has been included as one of the digitalization goals parts of the section's strategies for 

continuous improvement and innovation.  
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4.1. LIMITATIONS 

Different limitations have been identified during the development of this artifact; two main areas of 

origin were analyzed: 

1) The bank's own resources lack adequate preparation for the technological adaptation, for reasons 

of budgetary constraints, incompatibility of infrastructure connectivity or prioritization of activities. 

Around these restrictions an action plan is being developed that includes several milestones.  

. 

• The first and probably the most impeditive limitation overall is the architecture of the BAS as 

it controls several crucial systems related with security and emergency situations. The system 

is isolated without any bridge of contact with another interface. There is no existing channel 

established between this and other systems of the Bank and it becomes impossible to create 

real time data extractions from it. This is a time-consuming procedure which is currently 

ongoing, and it is not suitable for high-paced and highly demanding decision analysis 

processes.  

 

• This limitation brings other complications to the model, regarding the data used as reference 

for the input A, Switching Commands collected from the year 2020, it would be more rigorous 

from the technical point of view, to count with the minimum, maximum and mean of the 

period correspondent to the beginning of equipment life cycle, installation date, in order to 

make the reference value as solid as possible. An atypical year like 2020 with all the restrictions 

in a work environment imposed by the pandemic can, from the point of view of the load of the 

equipment, not express in a reliable way what the real values would be in normal periods.  

 

• Another fundamental point impacted by the inexistence of a BAS information flow is the idea 

of continuity in the monthly calculation of the left wear margin. Once a stress level is lower or 

higher than normal, this will influence the number of hours considered. Hence, it is essential 

to perform this study from the date of installation of the equipment to monitor each 

equipment rigorously.  

 

•  Regarding the operability and introduction of the model for the benefit of the section 

activities, some considerations should be taken into account. The model relies on the technical 
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knowledge of the Bank's specialist teams and of the services contracted with external 

companies, so it is crucial that they are actively involved on the implementation and continue 

process of improving the algorithm. Although the Bank provides training specific IT areas, 

namely Python, the lack of a background in the computational language of the model and of 

an in-depth understanding of it may raise some barriers on the utilization and feedback of the 

operational side delaying the integration process. The availability and distribution of tasks and 

the management of workloads will also be an important aspect.  

 

2) The model structure boundaries, limitations which are relative to the model design itself. Here, 

several questions may be raised, such as: 

•  Once the model is extended to more equipment belonging to the HVAC systems of 

the main building or others, several components of the same typology will be analyzed, i.e., 

equipment with the same characteristics, when belonging to different systems they most likely 

have different ranges, due to the requirements of the floor, area or system to which they 

belong to. In this way, identical materials will have different associated values; therefore, the 

same number of frequencies of use trigger different levels of belonging and consequently 

different levels of stress. In the spectrum of materials used in this thesis, two components with 

the same characteristics were analyzed, EAD and EAD2, where the Min(F) is 115 and 87, the 

Mid(F) 186 and 187 and the Max(F) being 228 and 230 respectively although slightly different, 

were not significant enough to be considered. A possible solution for future developments is 

to change the existing metrics of the Switching Commands parameter to a new Z-score scale 

associated with the standard deviation of each type of equipment.  

 

• The COG was considered for this model. Yet, there are several other forms of 

defuzzification, including Bisector Method, mean of maximum (MOM), Smallest of Maximum 

(SOM) and Largest of Maximum (LOM) which can be applied in the scikit-fuzzy control system. 

The documentation available on the python library takes the COG as default; nevertheless, 

further developments should include a detailed study of the impact of different methods on 

the calculation of the stress level. 

 

• Last but not least, a deep analysis on the parameters should be part of future studies 

around this model, the Building Automation collection capabilities should be potentiating the 

search for new metrics that can replace or be added to the inference system. 
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5. CONCLUSION 

 

This thesis is focused on the creation, improvement, and innovation of a condition assessment model 

of the technical equipment inside the ECB facilities. This model is part of a long-term asset 

management strategy and has as a fundamental part in an algorithm based on FL theory that uses data 

regarding usage parameters and equipment information to calculate the level of stress to which the 

components are subjected. Besides a theoretical explanation around the proposed theory, a study 

around what was previously done in the context of the use of FL in FM and HVAC systems was 

performed, so it was possible to reconcile a need in the business context with an opportunity to 

develop something with little research associated.  

 

Throughout the methodology chapter, the various steps for the development of the algorithm were 

described in detail, as well as the processes of sample identification, data collection and cleaning.  

 

The results presented are very promising from an operational and strategic point of view since they 

allow, on the one hand, the fusion of tacit knowledge, i.e., the information possessed by experts 

through context and experience, with a practical information model that benefits the activities. On the 

other hand, when embedded in a continuous process, where results are mapped, analysed, and 

visualised, it equips decision makers with a tool to forecast activities and costs, creating a culture of 

data-driven decision making. 
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7.  ANNEXES 

 In this section, two annexes will be included. The first, Annex A, shows the code that was 

developed in Python language to develop the artefact. The second, Annex B, aims to record all 

the graphical demonstrations obtained for the months January and February for the Inputs and 

Outputs of the other equipment components of the sample. 

 

7.1. ANNEX A – FUZZY CONTROL SYSTEM DESIGN 

 

Fig 6.1.2: Scikit-fuzzy Installation, import packages and sub packages 

 

 

 

Fig 6.1.2: Import data for Equipment Universe of disclosure and monthly crisp values 
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Fig.6.1.3: Antecedents and Consequent ranges 

 

 

Figure 6.1.4: MFs for Input A, B and Output 

 

 

 

 

Fig 6.1.5: IF-Then Rules with operator and (&) 
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Fig 6.1.6: Inference and Defuzzification                                          
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7.2. ANNEX B – INPUTS AND OUTPUTS RESULTS 
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