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Abstract 

Data can enhance equipment maintenance and asset management by providing predictive insights and minimizing downtime. 

Implementing data gathering and predictive maintenance systems is essential for improving reliability and cost efficiency. However, 

addressing challenges such as high implementation costs, data integration issues, and the need for skilled personnel is crucial for 

maximizing their benefits. Maintenance managers at a steel holding company in Iran, as a case study aimed to implement predictive 

maintenance but faced high costs for full implementation. Selecting a subset of equipment parts posed a complex decision-making 

problem, as eligibility needed to be based on maintenance criteria rather than traditional factors like price and location. To address this, 

we proposed a framework using machine learning to cluster equipment parts based on maintenance-related criteria. While clustering 

simplifies decision-making, it introduces uncertainty. To mitigate this, we represent each cluster with a trapezoidal fuzzy number. The 

Silhouette method is employed to determine the optimal number of clusters, followed by the K-means++ method for clustering. Our 

approach successfully grouped 201 equipment parts into seven clusters based on criteria such as importance, maintenance period, and 

daily working hours. Fuzzy logic is used to interpret the clusters, reducing uncertainty and ensuring that no equipment is overlooked. 

Keywords: Clustering; Condition monitoring; Maintenance; Trapezoidal fuzzy numbers; Unsupervised machine learning.  

1. Introduction 

Maintenance is an important field that affects equipment 

downtime and efficiency [1]. Unfortunately, maintenance 

issues have attracted little attention in the manufacturing 

industries. Many factories consider repair costs 

unavoidable and carry out maintenance and repair 

operations in emergencies. Therefore, these maintenance 

activities can impose high costs on these factories, 

spiritual costs such as losing opportunities and credit, and 

material costs such as downtime, resource wasting, and 

machine lifetime reduction. Thus, repair expenses might 

rise from 15% to 70% of production costs depending on 

the industry [2]. Unnecessary and inappropriate activities 

incur one-third of all maintenance costs [3]. Therefore, 

maintenance and repair have great importance and 

application in the manufacturing industry. 

The change in manufacturing circumstances and the 

increase in technologies developed many maintenance 

policies in the past few decades [4]. While different 

maintenance strategies, such as run-to-failure (R2F) and 

preventive maintenance (PM), are typically used, a newer 

method called predictive maintenance (PdM) can provide 

factual data on the actual state of machines [5]. 

Machine learning (ML) approaches can manage a 

large amount of multivariate data delivered by industrial 

systems [1]. Although sensors and sensor fusion 

techniques have had significant advantages, Internet of 

Things (IoT) applications brought new challenges in data 

analysis and data scale [6]. Therefore, strong predictive 

techniques for PdM applications could be provided using 

ML [1]. 

Some investigations utilized ML algorithms. For 

instance, a study determined the optimum maintenance 

policy using four multivariate methods, including 
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numerical taxonomy (NT), principal component analysis 

(PCA), artificial neural network (ANN), and data 

envelopment analysis (DEA) [7]. Although ML 

algorithms such as support vector machine (SVM), 

random forest (RF), deep learning, and K-means have 

been utilized to design PdM applications, some areas in 

PdM and ML still need more attention [1]. Clustering has 

been used for a wide range of conditions, such as the 

largest gas field in Europe, considered a real-life instance 

of equipment maintenance [8]. It was reported that 

clustering algorithms could provide about 70% of savings 

in expenses in some industries [9]. 

Some researchers have considered clustering 

algorithms in maintenance. For instance, a taxonomy of 

PdM has been developed to allow the analysis and 

judgment of business models [10]. Another research 

project utilized a convolutional neural network (CNN) to 

cluster written maintenance records of mining excavator 

buckets [11]. Their approach recognized that similar 

clusters of maintenance records represent different 

equipment degradation states, and their projected model 

could improve maintenance [11]. 

Another study used a combination of fuzzy 

clustering and semantic technologies to predict the time 

of machinery failures and identify their criticality [12]. 

Different unsupervised ML algorithms such as 

Hierarchical clustering, fuzzy C-means, principal 

component analysis (PCA), T2 statistic, and model-based 

clustering have been applied to the vibration data of an 

exhaust fan in another study [13]. They also benchmarked 

the algorithms and chose the best one using a proposed 

procedure [13].  

By reviewing ML methods applied to PdM, 

Carvalho et al. Showed that different datasets, such as 

vibration, sensor, and historical data, are analyzed using 

ML algorithms [1]. Table 1 shows some of the recent 

research projects that utilized clustering techniques in 

sensor or failure data in maintenance problems. However, 

the clustering of equipment parts, which could be 

beneficial, especially for decision-making, has been 

overlooked. 

The manufacturing industry has also confirmed the 

importance of decision-making in maintenance [14]. ML 

has a notable effect on maintenance decision-making 

systems that are automated and intelligently supported 

[6]. To improve their decision-making, firms are also 

seeking some approaches to using the power of big data 

(BD) [15].  

 

Table 1. Using clustering algorithms in PdM 

Reference Method(s) Objective 

[16] A novel semi-supervised clustering method Prioritize asset rehabilitation using 2 years of failure data 

[17] DBSCAN 
Analyzed of sensor data for monitoring the time evolution of the health 
status of an industrial machine, specifically a freeze dryer in a 

pharmaceutical plant. 

[18] K-means Determine outliers and identify strange behaviors of the wind turbines. 

[19] K-means 
Clustered the data obtained from acceleration sensors to predict the point of 

failure of the robot. 

[20] Simple Linear Iterative Clustering (SLIC) Wind turbine blade regional cluster in for maintenance purposes 

[21] K-means 
Monitoring-based maintenance decision-making models for subgrade 

settlement 

[22] K-means Anomaly trend analysis to estimate the remaining useful life of bearings 

[10] Ward’s algorithm Clustering of PdM business models 

[11] Convolutional Neural Network (CNN) Maintenance records clustering 

[9] A developed method Maintenance activities clustering 

[12] Fuzzy clustering Clustering of machine historical maintenance data 

[23] K-PdM, a cluster-based hidden Markov model 
Clustered KPI data for machinery deterioration estimation and remaining 

useful life (RUL) prediction. 

[13] 
PCA, Hierarchical clustering, K-Means, Fuzzy C-
Means, Model-based clustering 

Vibration data clustering for maintenance purposes 

[24] K-means Sensor data clustering in maintenance 

[25] K-Nearest Neighbor (k-NN), SVM, k-Means Clustering of vibration signals for maintenance 

[26] Kernel Spectral Clustering (KSC) 
KSC is applied to sensor data to distinguish between normal operating 

conditions and abnormal situations. 

[27] A greedy heuristic and a branch and bound algorithm Clustering of maintenance jobs 

 



64/ IJRRS / Vol. 7/ Issue 2/ 2024 

 

 

A. Mokhtari, S.H. Moosavirad, S. Bayat, and A. Eftekhari 

Many manufacturers are experiencing a digital 

transformation due to the Industry 4.0 paradigm, which 

facilitates advanced data-driven decision-making 

processes [28]. Many studies integrated MCDM 

techniques with fuzzy logic to optimize maintenance 

policy [4]. For instance, a study simulated feasible 

maintenance scenarios and ranked them using Fuzzy 

Simulation (FS) and Fuzzy Data Envelopment Analysis 

(FDEA) [29]. Their approach was beneficial for decision-

makers to find the optimal scenario for planning 

maintenance activities [29]. However, the present article 

utilizes fuzzy logic differently to visualize and represent 

clusters and reduce uncertainty. 

This research aims to propose a novel framework 

that first uses machine learning to divide 201 equipment 

parts into distinct clusters based on maintenance criteria 

instead of common unrelated criteria such as price, 

location, and distance. Moreover, since judging a cluster 

instead of a single equipment part leads to uncertainty and 

some parts may be overlooked, this research goal is to 

represent each cluster using fuzzy logic to avoid 

neglecting certain equipment components and mitigate 

the subsequent uncertainty of judging clusters. 

The paper is structured as follows for addressing this 

aim: Section 2 describes the applied methods for 

clustering and visualization considering the specific 

challenges of clustering equipment parts. Section 3 

explains the case study and is followed by section 4 which 

presents the results of this research. Finally, section 5 

offers the conclusion and recommendations for 

maintenance managers and scholars.  

2. Methodology 

The proposed method clusters equipment components 

using ML to streamline and accelerate the decision-

making procedure and depicts clusters using trapezoidal 

fuzzy figures to lessen the inherent uncertainty associated 

with narrowing down the decision-making alternatives. 

As shown in  

Figure 1, firstly, a scope was selected among different 

departments in one of the subsidiaries of a steel holding 

company in Iran. Having data gathered, the preprocessing 

stage is done with some challenges specific to this issue. 

Subsequently, parts are clustered with K-means++, and 

clusters are presented with trapezoidal fuzzy numbers. 

 

Figure 1. Methodology 

2.1 Data Gathering 

This stage includes defining maintenance-related criteria 

and gathering values of each equipment part in each 

criterion from the maintenance department of the 

company. Although different criteria, such as distance, 

price, and location, could be gathered for clustering, 

meaningful clusters are those that are distinguished by 

maintenance-related criteria. 

Having maintenance-related criteria defined by the 

company’s maintenance department, an actual dataset is 

prepared, including four columns for each part of the 

equipment, including (1) ID, including the equipment ID 

before the hyphen and the part ID after the hyphen, (2) 

the number of working hours per day, (3) the number of 

days between regular maintenance activities in current 

PM strategy, and (4) the importance of equipment in the 

production line in percentage. The head of the dataset can 

be seen in Table 2. 

Table 2. Head of the dataset 

ID 
Working 

Hours (h) 

PM period 

(Day) 

Importance 

(%) 

A2010-

001 
24 3650 80 

A2010-

002 
10 365 80 

A2015-

001 
8 3650 90 

A2015-

004 
8 365 90 

A2015-

005 
24 180 90 

2.2 Data preprocessing 

Preprocessing the data is an essential step in data mining, 

which often suffers from a lack of proper care [30]. In the 

preprocessing stage, we checked missing data and 

outliers and dealt with them accordingly. Finally, we 

scaled the dataset. 

Since the company’s maintenance department 

collaborated well on gathering data from all maintenance 

parts perfectly, there was no missing data in our dataset. 

Therefore, no action was needed and done to fill missing 

values. 

The main challenge of this step was outliers. 

Although there are some significant outliers, our 

proposed method does not offer to change or eliminate 

outliers. The main reason is that clusters consist of parts 

that should not be eliminated later in maintenance 

decision-making. Hence, some equipment parts would 

not be considered in the decision-making stages if outliers 

were removed. If they had been manipulated, future 

maintenance decisions would have been based on unreal 

values that may have dire consequences. Ultimately, our 

decision was not to manipulate nor remove outliers to 

solve this challenge, and this was an essential difference 

between this research and other works. 

The scikit-learn’s MinMaxScaler can be used when 

attributes have various ranges of values in the dataset 

[31]. Thus, all values were scaled using Scikit-learn’s 

MinMaxScaler in Python, which uses the equation (1). 

Data gathering
Data 

preprocessing
Equipment 
clustering

fuzzification of 
clusters
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𝑋𝑠𝑐 =  
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 (1) 

2.3 Equipment clustering 

In this stage, an ML clustering algorithm is used to divide 

equipment parts into distinct meaningful clusters based 

on maintenance-related criteria. As mentioned in section 

2.2, outlier values should not be deleted. Thus, some 

algorithms, which are sensitive against outliers such as 

DBSCAN, are avoided in the clustering stage. 

K-means is a popular unsupervised ML clustering 

algorithm to find k partitions of the dataset while close 

objects are in the same cluster and far ones are in different 

clusters [1]. This method is particularly useful when there 

is no prior knowledge about the data, making it suitable 

for various applications [32]. K-Means typically employs 

Euclidean Distance for calculations, which has been 

shown to provide better results compared to other 

distance measures [33]. Not only is K-means an easy 

method to understand and implement, but it also performs 

well and handles a large amount of data while the number 

of clusters is small [1]. 

K-means++, an improved version of K-means, is 

chosen to solve this problem because, in addition to all 

the mentioned benefits of K-means, it offers a simple, 

linear-time initialization algorithm that improves both the 

speed and accuracy of clustering compared to traditional 

K-means, making it a popular choice for various 

applications [34]. While the K-means method randomly 

selects the initial cluster centers, the K-means++ 

algorithm takes far data points as initial centers; thus, K-

means++ is faster with fewer iterations [35].  

In the K-means++, the number of clusters should be 

determined. Initially, the Elbow plot was used, yet as 

shown in Figure 2, the optimum number of clusters is 

impossible to recognize. Thus, the silhouette score (SSC) 

is chosen instead of the Elbow plot. 

The SSC is a way to find the optimum number of 

clusters by comparing intra-cluster distances to inter-

cluster distances. Consider ai as the average variation of a 

member i to all other members inside its cluster and bi as 

the average variation of member i to members inside the 

closest cluster [36]. Equation (2) shows how SSC is 

calculated [37]. 

Silhouette score =  
𝑏−𝑎

max (𝑎,𝑏)
  (2) 

 

Figure 2. Elbow Plot 

2.4 Fuzzification 

Although ML clustering techniques can ease decision-

making by converting many decision-making alternatives 

to a few distinct clusters, it is important to judge clusters 

fairly to reduce subsequent uncertainty of clustering. 

Judging a cluster of equipment parts based on a single 

crisp value is uncertain. The reason is that whether the 

value is mean, median, or mode, some equipment parts 

will be overlooked, which in maintenance can cause dire 

consequences. This article proposes utilizing trapezoidal 

fuzzy numbers to represent and visualize clusters. This 

approach, not only guarantees all equipment parts will be 

considered, but also the distribution of each cluster will 

not be overlooked.  

A fuzzy subset of a real line is a fuzzy number where 

the maximum values of membership are clustered around 

the mean value, and the function of the membership is 

monotonic on both flanks [38]. In our visualization, the 

maximum membership values are between the first and 

third quartiles, called interquartile range (IQR), since the 

midspread of a dataset is the core part. The minimum 

value in each cluster is considered a1, and the maximum 

value is considered a4. Therefore, clusters can be plotted, 

as shown in Figure 3.  

 

Figure 3. Plotting a cluster using a Trapezoidal Fuzzy Number 

2.4.1 Definition  

In order to represent a cluster with a trapezoidal fuzzy 

number, that number is defined as a fuzzy set like u 

when R→I = [0, 1] in which: 

u is upper semi-continuous, 

u(x) = 0 outside the range of the cluster, 
u(x) is flat increasing on [a1, a2], 

u(x) = 1, a2 ≤ x ≤ a3, 
u(x) is flat decreasing on [a3, a4]. 

There are real numbers such that a1 ≤ a2 ≤ a3 ≤ a4 and: 
a1 is the minimum value of the cluster. 
a2 is the lower quartile (Q1) of the cluster. 

a3 is the upper quartile (Q3) of the cluster. 

a4 is the maximum value of the cluster. 

Ultimately, when trapezoidal fuzzy numbers are 

calculated, clusters can also be explained using fuzzy 

linguistic variables. 
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3. Case Study 

The case study of this research is a subsidiary of a steel 

holding company in Kerman, Iran, with more than 11000 

shareholders and 22000 billion Rials of assets. In this case 

study, maintenance managers want to want to implement 

IoT and PdM. 

However, maintenance costs must be considered 

since economic conditions typically limit the resources 

required for maintenance efforts [39]. Hence, the research 

is limited to the cooking process of the company, 

including 201 parts from 36 pieces of equipment. The 

process input is limestone, and the output is a form of lime 

called quicklime. The pieces of equipment are under 

traditional maintenance strategies, and implementation of 

IoT and PdM for all of them could be costly. Using 

machine learning to divide those parts into meaningful 

distinct clusters based on maintenance criteria makes it 

possible to determine the maintenance strategy for each 

group.  

4. Results 

The result of the clustering process utilizing K-means++ 

is illustrated in Error! Reference source not found.. As 

it is shown, there are seven distinctive clusters in the 3D 

environment. 

The quantity of clusters is determined using the 

results shown in Table 3. The best number of clusters is 

seven, where the SSC is maximum. 

Table 3. Silhouette score 

Number of clusters Silhouette score 

2 0.527 

3 0.512 

4 0.576 

5 0.658 

6 0.685 

7 0.696 

8 0.644 

9 0.656 

Table 4 presents the values related to importance, 

PM period, and daily working hours of each cluster in the 

production line. Considering the importance criterion, 

clusters are clearly distinct except cluster 0, which has a 

wide range of importance from 10 to 85 percent. By 

utilizing fuzzy linguistic variables, it can be said that the 

importance of clusters 2, 4, and 5 is low (less than 40%), 

while that of clusters 1, 3, and 6 is high, up to 90 and 100 

percent. 

Figure 4. Clusters’ 3D plot 

Table 4. Trapezoidal Fuzzy Values of Clusters 

Cluster Importance (Percentage) PM Period (Days) Daily Working Hours (Hours) 

0 (10, 60, 72.5, 85) (3650, 3650, 3650, 3650) (24, 24, 24, 24) 

1 (50, 70, 80, 90) (30, 30, 365, 730) (3, 8, 10, 12) 

2 (10, 10, 30, 40) (90,180, 365, 365) (1, 5, 6, 6) 

3 (70, 90, 100, 100) (30, 90, 180, 730) (18, 20, 24, 24) 

4 (10, 20, 30, 30) (30, 90, 365, 365) (24, 24, 24, 24) 

5 (30, 30, 30, 30) (1825, 1825, 3650, 3650) (1,1,1,1) 

6 (70, 70, 90, 90) (3650, 3650, 3650, 3650) (8,8,12,12) 
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As PM period values show, equipment parts of 

clusters 2 and 4 are undergoing maintenance activities 

every year or sooner, while the value goes up to two years 

for clusters 1 and 3. With more than five years of PM 

period, clusters 0, 5, and 6 do not need frequent 

maintenance activities. 

Regarding daily working hours, with one hour per 

day, cluster 5 working hours is extremely low. Cluster 1 

has 3 to 12 working hours which can be considered low. 

Cluster 6 has average working hours from 8 hours to 12 

hours. Finally, the working hours of cluster 3 are high 

(18-24 hours) while those of cluster 4 are extremely high 

at 24 hours a day which means cluster 4 members are 

working non-stop. 

The fuzzy values of importance, PM period, and 

daily working hours are depicted in  

Figure 4, Figure 5, and Figure 6. 

 

Figure 4. Importance of Clusters 

 

Figure 5. PM period of Clusters 

 

Figure 6. Daily Working Hours of Clusters 

As a result, given information can be helpful to 

explain and solve the problem with fuzzy linguistic 

variables. Taking cluster 6 as an instance, the importance 

of the parts is (70, 70, 90, 90) percent, their maintenance 

period is (3650, 3650, 3650, 3650) days, and they work 

(8, 8, 12, 12) hours. For the sixth cluster, parts’ 

importance and working hours are respectively high and 

average, while the PM period is extremely high. Thus, it 

can be concluded that since those parts can work for ten 

years without maintenance activities, they may not need 

PdM, even though they are highly important. 

5. Conclusion 

Unlike previous studies focusing on clustering 

maintenance records, signals, or activities, this article 

clusters equipment parts in an industrial case study based 

on maintenance-related criteria rather than traditional 

factors such as price or location. A novel aspect of this 

approach is the representation and visualization of 

clusters using trapezoidal fuzzy numbers. This method 

not only provides more detailed information about each 

cluster, including the maximum, minimum, and range of 

values but also reduces uncertainty by ensuring that no 

cluster members are overlooked. 

Long implementation and learning time in 

maintenance systems is a reason that reduces the practical 

value for real utilization [40]. The current approach 

significantly reduces the number of alternatives from 201 

to just 7. This change decreases the time required for 

analysis, simplifies comparisons, and enhances the 

uniqueness of data visualizations. Additionally, this 

framework is not limited to Predictive Maintenance 

(PdM); it can also be applied to other areas such as Project 

Management (PM) and Return to Function (R2F). As 

long as the criteria are relevant to the problem, the 

proposed method can effectively handle all data types, 

even when the data is not numerical. 

Mathematical programming in maintenance is 

becoming more complicated due to the expanding system 

size and the number of machines [41]. The current 

approach simplifies mathematical programming and 

decision-making in maintenance, particularly when 

dealing with numerous components akin to big data 

challenges. Maintenance managers can use this method to 

make various strategic decisions more effectively. By 

comparing different aspects of a few selected clusters, 

they can easily prioritize tasks. Additionally, 

maintenance engineers can better visualize the 

components since only a limited number of clusters must 

be represented instead of an overwhelming number of 

individual parts. 

Maintenance managers can hire the proposed 

framework to find the most eligible subset of equipment 

for different decision-making problems based on related 

criteria. The framework can be integrated with 

mathematical programming and decision-making 

techniques for future studies since one of our objectives 

was to create a framework that facilitates the use of these 

methods. Researchers can utilize this proposed approach 

to tackle challenges related to big data and high-

dimensional datasets. Additionally, new clustering 

algorithms can be replaced and benchmarked by 
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researchers in the future. Moreover, ranking fuzzy 

numbers can have a significant role in linguistic decision-

making [42]. Future studies could also explore different 

methods for ranking resulting trapezoidal fuzzy numbers. 
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