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Abstract

Achieving operational excellence is vital for maintaining competitiveness in today’s in-
dustrial landscape. Traditional maintenance strategies, both reactive and preventive, often
fail to fully leverage the extensive data available. The advent of Industry 4.0, with its fo-
cus on data acquisition and analytics, has led to the development of predictive maintenance,
enabling real-time insights into equipment health and proactive interventions. This thesis
introduces an innovative approach to predictive maintenance by applying NLP techniques to
textual maintenance logs. Our method utilizes BERTopic for embedding, K-means cluster-
ing for grouping intervention descriptions, and autoencoders for feature extraction to identify
equipment degradation states. These states are then used to develop a Bayesian network-
based predictive model. Applied to Cevital, an Algerian agri-food conglomerate using Coswin
81, our approach aims to enhance maintenance planning and operational efficiency. The clus-
tering model achieved a high silhouette score of 97%, and by integrating it with the Bayesian
model, we attained an accuracy of 83%. This study highlights the potential of integrating

advanced NLP and predictive analytics into maintenance management.

This work underscores the transformative potential of integrating cutting-edge NLP tech-
niques and predictive analytics into traditional maintenance management practices. By har-
nessing textual data effectively, organizations can transition from reactive to proactive main-
tenance strategies, thereby minimizing downtime, reducing operational costs, and ultimately

enhancing overall productivity and competitiveness in the industry.

keywords : Predictive Maintenance, Maintenance Logs, Artificial Intelligence (AI), Data
Analytics, Natural Language Processing (NLP), Text Mining, Bayesian Network, Equipment
Degradation.



Résumé

Atteindre I'excellence opérationnelle est crucial pour maintenir la compétitivité dans le
paysage industriel actuel. Les stratégies de maintenance traditionnelles, qu’elles soient réac-
tives ou préventives, ne parviennent souvent pas & exploiter pleinement les vastes données
disponibles. L’avénement de 'industrie 4.0, avec son accent sur l'acquisition et ’analyse des
données, a conduit au développement de la maintenance prédictive, permettant des informa-
tions en temps réel sur 1'état des équipements et des interventions proactives. Cette thése
introduit une approche innovante de la maintenance prédictive en appliquant des techniques
de NLP (traitement du langage naturel) aux journaux de maintenance textuels. Notre méth-
ode utilise BERTopic pour '’embedding, le clustering K-means pour regrouper les descriptions
d’intervention, et des autoencodeurs pour 'extraction de caractéristiques afin d’identifier les
états de dégradation des équipements. Ces états sont ensuite utilisés pour développer un mod-
éle prédictif basé sur un réseau bayésien. Appliquée a Cevital, un conglomérat agroalimentaire
algérien utilisant Coswin 8i, notre approche vise a améliorer la planification de la maintenance
et Defficacité opérationnelle. Le modéle de clustering a atteint un score de silhouette élevé de
97 %, et en l'intégrant au modéle bayésien, nous avons atteint une précision de 83 %. Cette
étude met en lumiére le potentiel de I'intégration avancée du NLP et de I'analytique prédictive

dans la gestion de la maintenance.

Ce travail souligne le potentiel transformateur de I'intégration des techniques avancées de
NLP et de I'analytique prédictive dans les pratiques traditionnelles de gestion de la mainte-
nance. En exploitant efficacement les données textuelles, les organisations peuvent passer de
stratégies de maintenance réactives a proactives, minimisant ainsi les temps d’arrét, réduisant
les cotits opérationnels et améliorant finalement la productivité globale et la compétitivité

dans 'industrie.

Mots clés : Maintenance Prédictive, Fichiers de Maintenance, Intelligence Artificielle (IA),
Analyse de Données, Traitement du Langage Naturel (NLP), Exploration de Texte, Réseau

Bayésien, Dégradation des Equipements.
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General Introduction

In an ever-evolving industrial environment, effective maintenance management is of
paramount importance. In this context, the optimal use of maintenance data represents a
major challenge for companies wishing to ensure the reliability and availability of their equip-
ment while controlling the associated costs. Traditional approaches to maintenance planning
often rely on reactive or preventive strategies, which, while effective to a certain extent, may
fall short in fully leveraging the potential of available data to predict and preempt equipment
failures. As industries strive to optimize their operations and meet increasingly demanding
market requirements, there is a growing recognition of the need to adopt innovative strategies

to enhance maintenance practices.

Cevital is an Algerian conglomerate in the agri-food industry that aims to implement Al
and utilize its data in order to extract actionable insights to help stakeholders better plan
interventions. Using Coswin 8i, the computer-assisted maintenance management software for
planning interventions proactively which is an expensive and less efficient method for main-
tenance management; The question is, how to use the data we have to improve intervention

planning and higher the data maturity of the enterprise.

Leveraging maintenance data extracted from Coswin 8i, stakeholders at Cevital seek to
elevate the maturity of their decision-making processes. By integrating data and Al, pre-
dictive maintenance emerges as the preferred strategy for optimizing intervention planning.
This approach has demonstrably minimized machine downtime, leading to increased machine

availability, maximized lifespan, and reduced labor costs.

Following a comprehensive exploration of the provided data, we identified a lack of fea-
tures suitable for conventional machine learning models that rely on real-time sensor data
(e.g., temperature, vibration, rotation) or historical machine data. Consequently, we pursued

alternative predictive strategies applicable to the available data format. This led us to explore
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the utilization of maintenance logs files, which are textual data, for machine failure prediction.

This work explores the realm of predictive maintenance, specifically focusing on the use
of text mining and NLP techniques on textual data coming from maintenance log files. The
methodology employed in this study involves the identification of equipment degradation states
through the clustering of maintenance records. To achieve this, we utilize the BERTopic al-
gorithm for embedding, followed by K-means clustering for grouping similar interventions
descriptions. Additionally, we employ an autoencoder for feature extraction to enhance the
clustering process. The resulting clusters represent different degradation states of the equip-
ment. Subsequently, we develop a stochastic multi-state degradation model based on these
clusters. This methodology is applied to a database comprising maintenance records, labor
costs, and dates extracted from the CMMS known as Coswin 8i. The research endeavors to
bridge the gap between theoretical knowledge and practical application of predictive main-
tenance in an industrial setting. The ultimate goal of applying the adapted approach is to
optimize the overall efficiency of maintenance operations and enhance the intervention plan-

ning process.

The remainder of this dissertation is structured as follows:

The first chapter, explores core concepts and techniques for predictive maintenance,
including some Business intelligence concepts, the evolution of industrial maintenance, various
strategies, key machine learning concepts, and NLP techniques for maintenance data analysis.

The second chapter, presents a novel approach to analyzing textual data using BERTopic
for topic modeling and autoencoders for feature extraction, integrating identified equipment
states into a Bayesian network for prediction and decision-making.

The third chapter, details the methodologies tested for predictive maintenance, covering
experimental approaches, feature extraction and topic modeling techniques, graphical models,
and results.

In Conclusion, the dissertation concludes with a summary of the research, highlighting
the impact of predictive maintenance, discussing limitations, and providing future research

recommendations.
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General Concepts and Related Works

Contents
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In the fast-paced industrial landscape of today, maintaining operational efficiency and
minimizing downtime are essential for staying competitive. Predictive maintenance has be-
come a crucial strategy to prevent equipment failures and optimize maintenance activities.
This chapter delves into the core concepts and techniques necessary for implementing predic-
tive maintenance systems, with a focus on their application in contemporary industries.

We start by exploring the evolution of industrial maintenance and its importance in busi-
ness intelligence. Various types of industrial maintenance strategies are discussed to provide
a well-rounded understanding of their functions and advantages. Following this, we introduce
key machine learning concepts such as K-means clustering, Bayesian networks, and Markov
models, which underpin predictive maintenance algorithms. Additionally, we cover evaluation
metrics that are vital for measuring the performance and reliability of these models.

The chapter also examines Natural Language Processing (NLP) techniques, including
text preprocessing, feature extraction, and topic modeling, emphasizing their role in extracting
valuable insights from maintenance logs and related textual data. We conclude with a review of

the latest methods and technologies used in predictive maintenance across different industries.
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1.1 Business Intelligence

Business Intelligence (BI) involves a set of concepts, methods, and processes aimed at
enhancing business decisions by using information from multiple sources to develop a precise
understanding of business dynamics [1]. According to reference , BI can be defined as a sys-
tem comprising both technical and organizational elements that provide users with historical
information and analysis, enabling effective decision-making and management support with

the overall goal of improving organizational performance.

1.1.1 Business Intelligence Systems

Business intelligence systems (BIS) have emerged as technological solutions that offer data
integration and key performance indicators to provide stakeholders at various organizational
levels with valuable information for their decision-making [1]. The main tasks of a BI system
include intelligent exploration, integration, aggregation, and multidimensional analysis of data

gathered from various sources, thereby transforming data from quantity to quality [2].

1.1.2 Main Objective of Business Intelligence in Companies

The primary objective of BI is to help business users convert business-related data into
actionable knowledge. Traditionally, BI focused on generating reports, dashboards, and an-
swering predefined questions [3]. However, modern BI now incorporates deep, exploratory,
and interactive data studies through Business Analytics, which includes data mining, predic-
tive analytics, statistical analysis, and natural language processing tools. These components

are crucial for providing comprehensive insights and supporting strategic decision-making .

1.1.3 Evolution of industries

The evolution of industries can be traced through four distinct phases. Industry 1.0
marks the advent of industrialization, characterized by the introduction of steam power and
machines, which began replacing manual labor, leading to significant advancements in tex-
tiles, iron, coal production, and transportation networks. Industry 2.0 represents the second
phase, where the rise of electricity and further mechanization spurred substantial growth in
the automobile and chemical industries, and introduced transformative technologies like the

telephone and radio. Industry 3.0 highlights the third phase, defined by the emergence of
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computers and the automation of knowledge-based tasks, with major advancements in infor-
mation technology, the expansion of the service industry, and innovations such as the internet
and artificial intelligence. Finally, Industry 4.0 symbolizes the current phase, characterized
by the convergence of physical, digital, and biological spheres, marked by the proliferation
of the Internet of Things (IoT), growth in the biotechnology sector, and the development of

advanced technologies like quantum computing and nanotechnology.

1.2 Industrial Maintenance

Industrial maintenance is vital in manufacturing, significantly reducing machine down-
time and costs, particularly in the context of Industry 4.0 [4]. The integration of advanced
technologies such as IoT sensors, predictive analytics, and automation has made maintenance
processes more proactive and efficient. Predictive maintenance enables early detection of po-
tential equipment failures, allowing for timely interventions to avoid costly breakdowns and
unplanned downtime. This proactive approach enhances overall equipment effectiveness and
ensures smoother production, aligning with Industry 4.0’s goals of increased efficiency and
competitiveness. Key aspects include preventive measures, predictive techniques, corrective

actions, routine tasks, emergency repairs, asset management, and safety measures.

1.2.1 Types of Industrial Maintenance

1.2.1.1 Preventive Maintenance

Preventive maintenance involves scheduling regular maintenance to prevent equipment
deterioration and extend its lifespan, ensuring continuous production [5]. The challenge lies
in determining the optimal timing, as premature maintenance can waste resources, while

delayed maintenance can compromise safety and performance [6].

1.2.1.2 Predictive Maintenance

Predictive maintenance uses data analysis to forecast potential machine breakdowns, ad-
dressing issues before significant wear occurs. Unlike preventive maintenance, it relies on the
current condition of the machine to detect maintenance needs |7]. This approach optimizes
maintenance schedules, reduces unnecessary downtime, and improves resource allocation, en-

hancing operational efficiency and cost-effectiveness.
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1.2.1.3 Corrective Maintenance

Corrective maintenance identifies and corrects the causes of system failures, focusing on
resolving issues that cause breakdowns [8]. While crucial for addressing unforeseen prob-
lems promptly to minimize production interruptions, relying solely on corrective maintenance
can lead to higher costs due to unscheduled downtime, increased safety risks, and potential
equipment damage. Effective corrective maintenance includes root cause analysis to prevent

recurrent issues.

1.2.1.4 Condition-Based Maintenance

Condition-based maintenance (CBM) [8] is a proactive form of preventive maintenance
based on the actual condition of equipment. It involves monitoring equipment to decide when
maintenance is necessary, using data on the equipment’s condition, such as age, usage, or per-
formance. CBM aims to perform maintenance before failures occur, optimizing maintenance
efforts and preventing unexpected breakdowns by conducting maintenance based on real-time

equipment conditions.

Industrial maintenance

Proactive Reactive

Preventive Predictive Condition Corrective
based

Figure 1.1: Industrial Maintenance’s types

1.3 Machine Learning concepts

This section introduces essential machine learning concepts integral to the proposed ap-
proach. We begin with K-means Clustering, an algorithm for partitioning datasets into clus-
ters based on feature similarity. Next, we discuss Bayesian Networks, detailing their structure,

inference techniques, and the processes for both parameter and structure learning. We then

6
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cover Markov Models, focusing on Markov Chains and Hidden Markov Models, which are piv-
otal for sequential data modeling. Finally, we explore various Evaluation Metrics, including
accuracy, precision, recall, F'1 score, and silhouette score, which are crucial for assessing model
performance. Each concept is thoroughly examined to provide a foundational understanding

necessary for the application in our approach.

1.3.1 K-means Clustering

The k-means clustering algorithm is a widely utilized method in unsupervised learning,
particularly for partitioning data into clusters of similar variance. Its primary objective is to
minimize inertia, also referred to as within-cluster sum-of-squares, by assigning data points
to centroids iteratively. A drawback of this method, common to centroid-based clustering, is
the necessity to predefine the number of clusters (k). Despite this limitation, its popularity

stems from its simplicity and scalability with large datasets [9].

Formally, the algorithm 1 [10] segregates a dataset with X data points into K disjoint clusters
Ck, each described by cluster centroids p, not restricted to being actual data points. The

objective is to minimize inertia, represented mathematically as:

K
mind >l el

k=1 zeCl

Algorithm 1 K-means Algorithm

Require: K (number of clusters), X (data points), max_iterations
1: Initialize K cluster centroids randomly
2: iterations < 0

3: while iterations < max_iterations and changes in centroids do

4: Assign each data point to the nearest centroid

5 for k=1to K do

6 Calculate the mean of data points assigned to cluster k
7 Update centroid k to the calculated mean

8 end for

9: iterations <« iterations + 1

10: end while

11: return Final cluster assignments, cluster centroids
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1.3.2 Dimensionality reduction techniques

1.3.2.1 Autoencoder

Autoencoders are artificial neural networks designed to learn dense, efficient represen-
tations of input data, known as latent representations or codings, without requiring labeled
training data. These codings typically have a significantly lower dimensionality than the input
data, making autoencoders particularly valuable for dimensionality reduction and visualiza-
tion purposes. In the context of text data, autoencoders can extract meaningful features
by compressing the information into a lower-dimensional space and then reconstructing the

original text data from this compact representation.

This process not only aids in reducing data complexity but also helps in identifying underlying
patterns and structures within the text. Additionally, autoencoders serve as powerful feature
detectors, facilitating unsupervised pre-training of deep neural networks, which can enhance
the performance of subsequent supervised learning tasks by providing a rich set of learned

features.

An autoencoder consists of two primary components: the encoder, which translates the input
into a compressed code, and the decoder, which reconstructs the original input from this code.
The goal of an effective autoencoder is to achieve high-quality reconstruction, meaning the
output should be as similar as possible to the input, as measured by a predefined reconstruction

quality function [11].

e Encoder : The encoder part of the autoencoder compresses the input data into a lower-
dimensional representation. For text, this involves converting the input text into dense

vectors and then transforming these vectors into a compressed form.

- Embedding Layer : Converts words into dense vectors:
Embedding(word) — DenseV ector

- Dense Layer : Apply a series of transformations to compress the data:
h=o(Wax+b)

Where h is the hidden (encoded) represenation, W is the weight matrix, x is the

input, b is the bias, and o is the activation function.
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e Bottleneck : The bottleneck layer is the smallest layer in the network, representing the
compressed version of the input. This latent space captures the most critical features of

the text data.

e Decoder : The decoder reconstructs the original input from the compressed represen-
tation. It mirrors the encoder’s structure but in reverse, expanding the compressed data

back to its original dimensions.

- Dense Layer : Transform the encoded data back to the original dimensions:
' =oc(W'h+V)

Where x’ is the reconstructed output, W’ is the weight matrix, h is the hidden

representation, b is the bias, and o is the activation function.

e Reconstruction Loss : The autoencoder is trained to minimize the difference be-
tween the input and the reconstructed output. This difference is quantified using a

reconstruction loss function, such as MSE :
1 n
2
Loss = - z;(xl — )
1=

Once trained, the encoder part of the autoencoder is used to extract features from new
text data. These features are the compressed representations learned during training,

which capture the most significant aspects of the input data.

1.3.2.2 Principal Component Analysis

Principal Component Analysis (PCA) is a widely used dimensionality reduction technique
that transforms datasets into a lower-dimensional space while retaining significant information.
It identifies directions of maximum variance, known as principal components, and projects
the data onto them. This reduces dimensional complexity and preserves essential information.
PCA involves standardizing the data, computing the covariance matrix, finding and sorting
eigenvectors and eigenvalues, selecting the top k eigenvectors, and projecting the data onto the
new coordinate system. This results in a simplified dataset that enhances machine learning

model performance and data interpretation [12, 13].
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1.3.2.3 T-distributed Stochastic Neighbor Embedding

T-distributed Stochastic Neighbor Embedding (T-SNE) is widely used for dimensionality
reduction. This method maps high-dimensional data into a lower-dimensional space, facilitat-
ing visualization by preserving the local structure of the data. It achieves this by minimizing
the divergence between two probability distributions: one that measures pairwise similarities
in the original high-dimensional space and another in the lower-dimensional embedding. This
process helps to maintain the meaningful patterns and clusters within the data while reducing

its complexity, thus making it more interpretable [14].

1.3.2.4 Uniform Manifold Approximation and Projection

UMAP is a dimensionality reduction technique that preserves meaningful relationships
between data points. It is commonly used, like t-SNE, to visualize complex datasets in lower
dimensions while maintaining the inherent structure of the data. Unlike linear methods such
as PCA, UMAP assumes data exists on a manifold and seeks to find a compact representation
that captures both local and global relationships. This approach makes UMAP versatile for
tasks in machine learning, bioinformatics, and natural language processing, facilitating tasks

from data exploration to feature extraction and visualization [15].

1.3.3 Bayesian network

Bayesian Networks (BNs), also known as Belief Networks or Bayes Nets, are probabilis-
tic graphical models designed to represent knowledge in uncertain domains. They effectively
model conditional dependencies among a set of random variables through a structured frame-

work [9, 16, 17, 18].

1.3.3.1 Structure of a Bayesian Network

A Bayesian Network consists of nodes and directed arcs. Each node represents a random
variable X, associated with a probability P(X). A directed arc from node X; to node X;
indicates that X; directly influences X, quantified by the conditional probability P(X;|X;).
This structure forms a Directed Acyclic Graph (DAG), ensuring no cycles exist within the
network. The joint probability distribution over all variables X, Xs, ..., X,, is expressed using

the chain rule of probability, considering conditional dependencies:

10
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P(X1,Xs,..., X,) = [ [ P(Xi|Pa(Xy))
i=1
where Pa(X;) denotes the set of parent nodes of Xj.

1.3.3.2 Inference in Bayesian Networks

Inference in BNs involves calculating the probability of certain variables given known

values of others. For a set of variables X with evidence F, the posterior probability is:

P(X,FE)

P(X|E) = B

Common techniques for inference include:

e Variable Elimination: This method sums out irrelevant variables from the joint dis-

tribution to compute the probability of the query variables given the evidence.

¢ Belief Propagation: Used for exact inference in tree-structured networks, this tech-

nique updates beliefs about variable distributions by passing messages between nodes.

1.3.3.3 Parameter Learning in Bayesian Networks

Parameter learning in Bayesian Networks involves estimating the conditional probabil-
ity distributions (CPDs) from data. This can be achieved through methods like Maximum
Likelihood Estimation (MLE) and Bayesian estimation.

Maximum Likelihood Estimation : This method aims to find parameters that maximize
the likelihood of the observed data given the model. For a dataset D with IV instances, the
MLE for parameters of a CPD P(X;|Pa(X;)) is:

N

0 = arg m(gixH P(z;|Pa(z;);0)

i=1
1.3.3.4 Structure Learning in Bayesian Networks

Structure learning involves discovering the optimal graph structure from data, which can

be approached through:

e Constraint-Based Methods: These methods infer dependency conditions from the
data and construct the network accordingly. A major limitation is the potential for

failure if dependence tests are inaccurate.

11
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e Score-Based Methods: These treat the Bayesian Network as a statistical model, eval-

uating different structures using a scoring function (e.g., Bayesian Information Criterion,

BIC):

log N
2

Heuristic search techniques are often employed due to the large hypothesis space.

BIC(G|D) = log P(D|G) — G

e Bayesian Model Averaging: This approach involves learning multiple structures and
using an ensemble of these structures. Approximate methods may be necessary due to

the vast number of potential network structures.

In real-world applications, Bayesian Networks can manage numerous random variables by
leveraging their conditional independencies, reducing the computational burden and memory
requirements for representing joint probability distributions. Despite their complexity, BNs
provide a powerful tool for modeling uncertain domains and making informed predictions

based on observed data.

To construct a BN from a given set of random variables, we follow a structured algorithm as

given in algorithm 2.

Algorithm 2 Build Bayesian Network
1: Input: Set of random variables V = { X, X5, ..., X}
2: Output: Bayesian Network BN
3: procedure BUILDBN(V)

4: Initialize BN with nodes for each variable in V'

5 for each pair of variables (X;, X,) do

6 Determine if there is a direct dependency between X; and X
7: if there is a dependency then

8 Create a directed arc from X; to X;

9 end if

10: end for
11: while BN has cycles do

12: Remove or adjust arcs to eliminate cycles

13: end while

14: for each node X, in BN do

15: Assign the Conditional Probability Distribution (CPD) P(X;|Pa(X;))

16: end for
17: return BN

18: end procedure

12
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1.3.4 Markov Models

Markov Models are stochastic models that describe sequences of possible events, where
the probability of each event depends solely on the state achieved in the preceding event.

These models are particularly valuable for representing time-dependent phenomena.

In graphical models, Markov chains are represented as graphs where the nodes denote states

of variables X, and edges represent the transition probabilities between states [16].

1.3.4.1 Markov Chains

A Markov chain is a sequence of random variables X7, X5, ... that possess the Markov
property, indicating that the next state depends only on the current state and the transition

probability, independent of prior states:
P(Xit1 =5 | Xp = 51, Xpm1 = Sp—1, ..., X1 = 51) = P(Xp1 = s | Xi = s3)

As k approaches infinity, such chains can achieve stable probability distributions that become
independent of their initial states. Markov chains are critical for estimating the states of

random parameters, relying on current values and transition probabilities |16, 18].

The algorithm 3 describes the process of simulating a Markov chain, which is a sequence of
states generated based on given initial conditions and transition probabilities. The algorithm
takes as input an initial state, a transition probability matrix, and the number of steps to

simulate. The output is a sequence of states representing the Markov chain’s evolution.

Algorithm 3 Simulate Markov Chain

1: Input: Initial state Xy, transition probability matrix P, number of steps N
2: Output: Sequence of states Xo, X1,..., Xy

3: procedure SIMULATEMARKOVCHAIN(Xy, P, N)

4 Initialize X + [X]

5: for k=0to N —1do

6 Current state s < X [k]

7 Sample next state s’ from the distribution P(s, )

8 Append ¢’ to X

9 end for

10: return X

11: end procedure
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1.3.4.2 Parameter Estimation in Markov Models

Learning parameters and structures in Markov networks is a complex task due to the
partition function in the probability distribution. This function’s dependence on all factors
prevents the decomposition of optimization functions into separate terms, as seen in Bayesian

networks. Consequently, iterative methods must be employed to optimize the parameter space.

Similar to Bayesian networks, parameters in Markov networks can be estimated using maxi-
mum likelihood estimation. This process involves iteratively optimizing the function to iden-
tify the optimal parameters, accommodating the intricacies introduced by the partition func-

tion [18].

1.3.4.3 Hidden Markov models

Hidden Markov models (HMMs) extend Markov Chains by incorporating hidden states
that generate observable events, making them powerful tools for modeling sequences where
the underlying system is not directly observable. Given a sequence of observations, the goal
is to infer the underlying dynamical system that produced the sequence, resulting in a model

of the process [13].

1.3.5 Evaluation metrics

Machine learning hinges on quantitative evaluation metrics to assess model performance
and compare their effectiveness across diverse tasks. Classification, regression, image segmen-
tation, and object detection are just a few examples. These metrics empower researchers and
practitioners to gain valuable insights into model strengths and weaknesses. A diverse set of
metrics, including accuracy, precision, recall, F1 score, AUC, MSE, MAE, and IoU, provide
quantitative assessments of model performance. This wealth of information ultimately fu-
els informed decision-making and facilitates targeted improvements within machine learning

projects [19, 20].

1.3.5.1 Accuracy

Accuracy is one of the most widely used measures of classifier performance. It is defined as

the overall proportion of correct predictions made by the model. The formula for computing
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accuracy from is:

Number of correctly classified instances TP + TN
Total number of instances ~ TP+ TN+FP+FN

Accuracy = € [0,1]

1.3.5.2 Precision

Precision, also known as positive predictive value, measures the proportion of positive
predictions that are actually correct. It is defined as the number of true positive predictions

divided by the total number of positive predictions. The formula for precision is:

TP

S
T +rp < 01

Precision =

1.3.5.3 Recall

Recall, also known as sensitivity, measures the proportion of actual positive cases that
were correctly identified by the model. It is defined as the number of true positive predictions

divided by the total number of actual positive cases. The formula for recall is:

TP
Recall = m c [0, 1]

1.3.5.4 F1 Score

The F1 score is the harmonic mean of precision and recall, providing a single metric that
balances both precision and recall. This is particularly useful in cases where we want to

optimize both metrics simultaneously. The formula for the F1 score is:

Precision x Recall
F1 =2 1
Seore ™ Precision + Recall €01

To understand these metrics, it is important to understand the four main terminologies : TP,

TN, FP and FN. Here is the precise definition of each of these terms :

e TP (True Positive): Cases where the prediction is positive and the actual value is

positive.

e TN (True Negative): Cases where the prediction is negative and the actual value is

negative.

e FP (False Positive): Cases where the prediction is positive, but the actual value is

negative.

e FIN (False Negative): Cases where the prediction is negative, but the actual value is

positive.
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1.3.5.5 Silhouette score

The Silhouette Index [21] is a measure used to evaluate the quality of clusters in a dataset.
It assesses how well an object is clustered by comparing its similarity to its own cluster (cohe-
sion) with its similarity to the nearest neighboring cluster (separation).The Silhouette index
presents a significant advantage for evaluating the performance of clustering algorithms com-
pared to many other methods. Unlike metrics commonly employed in classification tasks, the
Silhouette index does not require a separate training set to assess the quality of the clustering
solution. This characteristic makes it particularly well-suited for evaluating clustering results,
where a designated training set might not be readily available or applicable. The silhouette

score (i) for an individual data point i calculated as follows :

N b)) —ali)
) = o (al) @)

where :

e a(i) is the average distance between i and all other points in the same cluster.

e b(i) is the minimum average distance between i and all points in any other cluster, of

which ¢ is not a member.
The silhouette score ranges from -1 to 1 :

e A score close to 1 indicates that the object is well clusteres.

e A score close to 0 suggests that the object is on or very close to the decision boundary

between two neighboring clusters.

e A negative score indicates that the object might have been assigned to the wrong cluster.

For an entire clustering solution, the average silhouette score over all data points is computed
to provide an overall assessment of the clustering quality. A higher average silhouette score

suggests a better-defined clustering structure.

1.4 Natural Language Processing techniques

Natural Language Processing (NLP) has seen significant advancements, enabling machines
to understand and generate human language. These techniques are fundamental in numerous
applications, from sentiment analysis and translation to more complex tasks like text clustering

and summarization.
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This section outlines the NLP techniques employed in our research. We start with the crucial
preprocessing steps necessary to clean and prepare textual data for analysis. This includes
tokenization, stemming, lemmatization, and the removal of noise, such as stopwords and

punctuation.

Next, we cover advanced methods for converting text into numerical representations that can
be processed by machine learning algorithms. We focus on embedding models, particularly
SBERT, BERTopic, TF-IDF, and CNN, which effectively capture term frequency or semantic

meaning within text data.

We then discuss dimensionality reduction techniques, such as PCA and autoencoders, used to
simplify high-dimensional embedding spaces. This step is essential for improving the efficiency

and performance of subsequent clustering algorithms.

1.4.1 Text preprocessing

Text mining heavily relies on preprocessing techniques to enhance the quality of data and
facilitate subsequent analysis. The following preprocessing techniques are commonly employed

[22, 23].

1.4.1.1 Tokenization

In computer processing, bodies of text are treated as single string objects, regardless of
punctuation. To enable the computer to analyze each word individually, we need to segment
this unified text into distinct tokens, representing words or characters for further evaluation.
This process, known as word tokenization, is fundamental in NLP and serves as a type of

document segmentation [24].

As the initial step in an NLP pipeline, tokenization significantly influences subsequent pro-
cessing stages. A tokenizer divides unstructured natural language text into discrete elements,
facilitating counting and analysis of token occurrences within a document. These token counts
can be directly utilized as numerical representations of the text, suitable for machine learning
applications. They serve as features in machine learning pipelines, triggering various actions,

responses, or complex decision-making processes [25].

1.4.1.2 Stop word removal
Stop words are frequently occurring words in a language (e.g., "the," "a," "and") that
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often carry little semantic meaning. Removing stop words helps reduce noise in the data and

improves the efficiency of subsequent analysis [25].

1.4.1.3 Text normalization

Text normalization aims to standardize the text data to reduce the number of distinct
tokens by combining similar-meaning tokens into a single, normalized form, which can improve

the performance of NLP models. Key techniques for text normalization include [25]:

e Case Normalization : Converting all characters in the text to a uniform case, typically

lowercase, to ensure that words are treated equally regardless of their original casing.

e Stemming : involves reducing words to their base or root form by removing suffixes.
This technique groups words with similar meanings under a common stem, although the

resulting stems may not always be valid words.

e Lemmatization : reduces words to their base or dictionary form, known as a lemma,
considering the word’s meaning. Unlike stemming, lemmatization uses a knowledge base
to ensure that only words with similar meanings are consolidated into a single token.

This process is more accurate than stemming and is preferable for most applications.

1.4.1.4 Preprocessing considerations for text clustering

The effectiveness of various text clustering techniques hinges on the selection and imple-
mentation of appropriate preprocessing methods. Here, we explore the rationale behind these

preprocessing choices for two distinct clustering approaches:

e Word Frequency-based preprocessing : Preprocessing here typically involves re-
moving stop words, numbers, and punctuation. These elements contribute minimal
semantic content and inflate the sparsity of the resulting document-term matrix, hin-
dering clustering performance. Additionally, correcting misspelled words and applying
techniques like lemmatization or stemming can further reduce the vocabulary size em-

ployed in the sparse matrix, mitigating sparsity issues.

This preprocessing method is found to be more suitable for word frequency-based clus-
tering techniques because it reduces the corpus and removes useless words for more

efficiency and helps avoid the sparsity problem.
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e Semantic-Based preprocessing : This approach emphasizes capturing the underly-
ing semantic meaning of words within the text data. Unlike methods based on word
frequency, this approach may preserve stop words and certain levels of morphological
variation (such as stemming or lemmatization) during preprocessing. The removal of
stop words or alteration of word forms can potentially modify the semantic meaning
of sentences. For instance, the sentence "non démarrage du convoyeur" loses crucial
information if it is transformed into "démarrage convoyeur" through the removal of stop

words.

Using this preprocessing method, the semantics of the descriptions are preserved, allow-

ing semantic-based clustering models to extract meaningful insights from them.

Therefore, the selection of preprocessing techniques for text clustering should be guided by
the specific clustering approach employed. Tailoring preprocessing steps to the chosen method

optimizes the performance of the clustering task.

1.4.2 Feature extraction techniques

Effective text representation is critical in clustering tasks and feature extraction, as it
transforms raw textual data into meaningful numerical vectors that capture the semantic
essence of the text. Feature extraction techniques play a vital role in this process by converting
text into a structured format suitable for analysis. These representations are essential for
accurately grouping similar texts together, enabling more precise and insightful clustering
outcomes. By leveraging advanced feature extraction methods, we can enhance the quality of

text clustering, leading to better interpretation and utilization of textual data.

1.4.2.1 Term Frequency-Inverse Document Frequency

Term Frequency-Inverse Document Frequency (TF-IDF) builds on the BoW model by
providing a more nuanced measure of a word’s importance in a document relative to its
prevalence across all documents. The TF-IDF value helps to highlight words that are signifi-
cant in specific documents while downweighting common words that are less informative. It

comprises two main elements [12, 24, 25, 26]:

e Term Frequency (TF) : TF measures how often a term or word appears in a given

document. To normalize these counts, especially since different documents in the corpus
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may vary in length, the number of occurrences is divided by the total number of terms

in the document. The term frequency TF(t,d) of a term t in a document d is defined as

Number of occurances of term t in document d

TEF(t,d) =
(t,d) Total number of terms in document d

e Inverse Document Frequency (IDF) : IDF measures the importance of a term across

the entire corpus. While TF assigns equal weight to all terms, common terms (e.g., "is,"

n

are’ nn

am") are not as informative. IDF addresses this by weighing down frequently
occurring terms and emphasizing rare terms. The inverse document frequency IDF(t)
of a term t is calculated as :

Number of documents in the corpus

IDF(t) =1
(t) =log Number of documents containing term t

The TF-IDF score for a term in a document is computed by multiplying its TF by its IDF,

offering a nuanced understanding of its significance.
TF —IDF(t,d) =TF(t,d)« IDF(t)

TF-IDF is instrumental in feature extraction, converting unprocessed text data into numerical
feature vectors. These vectors are pivotal for computational analysis and the comparison
of documents based on their content. Furthermore, in text clustering, TF-IDF contributes
to feature extraction from documents, supporting clustering algorithms in grouping similar
documents together. This greatly expedites tasks such as document organization and topic
identification. The versatility of TF-IDF spans across various text analysis tasks, facilitating
the seamless transformation of raw textual data into structured numerical representations, all

while mitigating concerns of originality.

1.4.2.2 Convolutional Neural Network

In the realm of NLP, Convolutional Neural Networks (CNNs) emerge as formidable allies,
specifically tailored for feature extraction tasks. Here’s an overview of how CNNs Components

and how they operate in this context [27]:

e Convolutional Layers : These layers are pivotal in extracting hierarchical features
from textual data. By applying convolution operations using learnable filters or ker-
nels, CNNs adeptly capture patterns and features within the text, discerning linguistic

nuances at various scales.
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- Convolution Operation : The convolution operation in CNNs is defined as:

(fx9)(t)= D fla)g(t—a)

a=—00

where f represents the input text and g denotes the learnable filter or kernel.

e Activation Function : To introduce non-linearity and enhance the model’s ability to
learn intricate linguistic patterns, CNNs typically employ activation functions like ReLLU

(Rectified Linear Unit).

- ReLU Activation : The Rectified Linear Unit (ReLU) activation function is
defined as:
ReLU = maz(0, x)

e Pooling Layers : Pooling layers play a crucial role in downsampling the feature maps
obtained from the convolutional layers. By reducing the spatial dimensions while retain-
ing essential textual features, pooling layers facilitate the extraction of salient linguistic

information.

- Max Pooling : Max pooling extracts the maximum value from each region of the

feature map, downsampling the spatial dimensions. It is defined as:
MazxPooling(x) = maz(x)

e Fully Connected Layers : These layers establish connections between neurons across
different layers of the network, enabling the CNN to discern complex linguistic patterns
and relationships. Through fully connected layers, the network gains the ability to

extract and comprehend intricate linguistic structures embedded within the text.

- Fully Connected Layer Operation : The operation in a fully connected layer
can be represented as:

y=f(Wz+0b)

where ¢ represents the input, W denotes the weight matrix, b is the bias, and f is

the activation function.

e Feature Extraction : As the input text traverses through the convolutional and pool-

ing layers, the CNN meticulously extracts hierarchical linguistic features. Lower layers
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specialize in capturing basic linguistic elements such as word sequences and syntactic
structures, while deeper layers ascend to discerning more abstract and contextually rich

linguistic features relevant to the NLP task at hand.

By iteratively applying convolution, activation, pooling, and fully connected layers as given
in algorithm 4, CNNs excel in extracting hierarchical representations of textual data. This
makes them invaluable tools for feature extraction tasks in NLP, empowering applications
such as sentiment analysis, text classification, and named entity recognition with rich and

informative linguistic features.

Algorithm 4 CNN for NLP Feature Extraction
: Input: Text data X

1

2: Output: Hierarchical linguistic features

3: for each convolutional layer do

4 Apply convolution: (f *g)(t)=>" _ f(a)g(t—a)
5: end for

6: Apply ReLU activation: ReLU(x) = max(0, x)

7: for each pooling layer do

8 Apply max pooling: MaxPooling(z) = max(z)
9: end for

10: for each fully connected layer do

11: Apply: y = f(Wz +b)

12: end for

13: Extract hierarchical linguistic features at different layers.

1.4.2.3 Sentence BERT

Sentence BERT (SBERT) represents a significant advancement in sentence embedding
creation. It offers concise representations that capture semantic subtleties. This innovation is
driven by pre-trained transformer models like BERT | which excel at generating embeddings

rich in semantic information [28].

e Pre-trained Transformer : SBERT capitalizes on pre-trained transformer models
such as BERT to encode input sentences into dense vector representations. These models
undergo extensive training on vast text corpora using self-supervised learning, enabling

them to adeptly capture intricate semantic nuances.
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e Sentence Embeddings : The pre-trained transformer model processes input sentences,
crafting high-dimensional embeddings that encapsulate their semantic meanings with

finesse, ensuring a nuanced representation of the text.

¢ Pooling Strategies : SBERT employs diverse pooling strategies to consolidate token-
level embeddings into singular sentence-level embeddings. These strategies encompass

mean pooling, max pooling, and pooling informed by attention weights.

- Mean Pooling : Computes the average of token embeddings.

- Max Pooling : Extracts the maximum value from each dimension of the token

embeddings.

- Pooling based on attention weights :Computes a weighted sum of token em-

beddings based on attention weights.

e Fine-Tunning : SBERT offers the flexibility of fine-tuning the pre-trained transformer
model to suit specific downstream tasks. This fine-tuning process enables the model
to refine its embeddings to cater to the domain or task at hand, thereby enhancing its

efficacy and relevance.

Upon training or fine-tuning, SBERT adeptly extracts sentence embeddings from novel text
data. These embeddings encapsulate the semantic essence of sentences, serving as invaluable

assets for tasks such as semantic search, text similarity evaluation, and text classification.

1.4.3 Topic modeling techniques

1.4.3.1 Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) is a generative probabilistic model of a corpus. The
basic idea is that the documents are represented as random mixtures over latent topics, where
a topic is characterized by a distribution over words [29]. The underlying assumption is
that the prominence of specific topics within a document is indicative of its relevance to a
particular query. This approach is highly beneficial in numerous applications. For example,
topic models can be utilized to generate pertinent keywords, thereby improving information
retrieval processes and enabling more intuitive search experiences. Furthermore, these models

can be used to produce concise thematic summaries of textual data [30].
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1.4.3.2 BERTopic

In topic modeling, BERT can be used to create sophisticated models like BERTopic, which
combines contextual word embeddings with clustering algorithms such as UMAP and HDB-
SAN. BERTopic offers a novel approach to topic modeling by leveraging the power of BERT
embeddings. These embeddings capture rich semantic information about the text. BERTopic
then utilizes a class-based TF-IDF weighting scheme to further refine the representation of
each document. To facilitate efficient clustering, the high-dimensional BERT embeddings are
projected into a lower-dimensional space using the UMAP technique. This dimensionality
reduction allows for efficient clustering of documents based on their thematic similarity [25].

BERTopic generates topic representations through three main steps [31]:

1. Document Embedding : Each document is transformed into an embedding repre-
sentation using the SBERT framework, which converts sentences and paragraphs into

dense vector representations with a pretrained language model.

2. Dimensionality Reduction : The dimensionality of these embeddings is reduced using
techniques like UMAP to improve the clustering process. The embeddings are primarily

used to cluster similar documents but not directly for generating topics.

3. Topic Extraction : Using a custom-based variation of TF-IDF, topic representations
are extracted from the document clusters. This assumes that documents containing the

same topic are semantically similar.

This multi-step process allows BERTopic to effectively identify and represent topics in a

corpus, making it a powerful tool for text analysis. Below is the algorithm 5 for implementing

BERTopic.

1.4.3.3 Sentence BERT

SBERT adapts the pre-trained BERT model by employing siamese and triplet network
structures. This modification generates semantically rich sentence embeddings, which can be
efficiently compared using cosine similarity. Consequently, SBERT produces fixed-size vectors

for input sentences, facilitating the comparison of semantically similar sentences [32].
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Algorithm 5 BERTopic for Topic Modeling
1: Input: Corpus D

2: Output: Topic representations
3: for each document d € D do
4: Convert document to embedding using Sentence-BERT (SBERT):

embedding(d) = SBERT(d)
5: end for

6: Apply UMAP to reduce embedding dimensions:

reduced embeddings = UMAP({embedding(d) | d € D})
7. Cluster the reduced embeddings using HDBSCAN:

clusters = HDBSCAN(reduced embeddings)
8: for each cluster ¢ € clusters do

9: Extract topic representations using class-based TF-IDF:

topic(c) = TF-IDF({d | d € ¢})
10: end for

1.5 State of the art

Abassi et al. 2018 Multiple Linear Regression

—>»  Machine learning

Wang et al. 2020 LSTM, RNN

Ier!

Tang et al. 2023 LSTM, bayesian methods

Ansari et al. 2020 Sentiment analysis, opinion indexing, Association Measuring Index

(AMI).

Natural language
processing

Ansari et al. 2021 Al techniques, early downtime prediction, MFDT reduction

Sala et al. 2022 Topic modeling, sentiment analysis, entity recognition.

Predictive Maintenance

based approaches Naqyi et al. 2024

BERT, CBR(Retrieve, Reuse, Revise,Retain), TSDAE, CT.
precision with TSDAE : 97%, precision with CT : 63%

Liang et al. 2018 Continuous time Markov chain model (CTMC)

> Probabilistics Hidden Markov Models (HMMs), Expectation Maximization (EM)

Algorithm and Multivariate Gaussian Distributions

Chen et al. 2019

R A

Bayesian Networks, Classification Trees Cross Validation
and F1score

Burmeister et al. 2023

Fault Tree Analysis (FST), Dynamic Bayesian Network

Zh t al. 2024
S (DBN), and Markov model.

Yang et al. 2020 CNN k-means clustering.

— Hybrid approach Keyword Extraction Algorithm, Latent Dirichlet Allocation

Ahadh et al. 2021 (LDA) and accuracy metric.

Term Frequency Inverse Document Frequency (TF-IDF),
Normalized Pointwise Mutual Information (NPMI),
Latent Dirichlet Allocation (LDA),

Convolutional Neural Network (CNN),

BERT and Bayesian Networks.

| A A A A A A A A A A

el

Valcamonico et al. 2024

Figure 1.2: Classification of Modern Techniques in Predictive Maintenance
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To explore predictive maintenance, various techniques have been implemented, including
machine learning, NLP, and statistical methods. Authors have conducted numerous studies
to assess the effectiveness of these approaches in predicting and preventing equipment failures.
The graph above 1.2 explains different techniques used by different researchers to achieve this
purpose.

By categorizing works into machine learning and natural language processing approaches,
researchers aim to better understand the strengths and limitations of different predictive

maintenance techniques.

1.6 Analysis and discussion

The state of the art in predictive maintenance includes different advanced methodologies,
each with distinct advantages and limitations. The following table 1.1 explains the advantage

and limitation of each of the previous methods.

Table 1.1: Comparison of Different Methods

Method Advantage Limitation
ML [33, 34, 35] | - Significantly enhances the accu- | - Highly dependent on the avail-
racy of predictive models. ability of high-quality historical
data.
NLP [36, 37, 38, | - Effective in extracting in- | - Highly dependent on high-
39] sights from textual maintenance | quality, consistent data;
records. - Computationally demanding;
- It struggles with technical lan-
guage nuances.
Probabilistic - Improve accuracy of RUL pre- | - Require precise historical data;
[40, 41, 42, 43] dictions. ~ Complex to develop:
- Substantial computational over-
head.
Hybrid modeling | - Enhance robustness and versa- | - Complex;
[44, 45, 46] tility by combining various tech- | Resource-intensive:
niques
- Challenging to maintain and up-
date
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Given these considerations, our approach will integrate Probabilistic Graphical Models and
Natural Language Processing techniques to address the limitations and leverage the strengths

of these methodologies.

1.7 Conclusion

In conclusion, this chapter has provided a comprehensive overview of the concepts and
techniques involved in implementing predictive maintenance systems. From the evolution of
industrial maintenance to the application of machine learning and natural language process-
ing techniques, we have explored the foundational elements essential for effective predictive
maintenance strategies.

Looking ahead, the subsequent chapter will showcase our innovative contributions in im-
plementing predictive maintenance within Cevital, a leading player in the agro-alimentary
industry. By applying these advanced techniques, we aim to demonstrate tangible improve-
ments in operational efficiency and continuous production, underscoring the transformative

potential of predictive maintenance in modern industrial settings.
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The vast amount of textual data available today presents both opportunities and chal-
lenges. Analyzing this data effectively requires innovative approaches to extract meaningful
insights. This chapter details our contribution to this field, focusing on extracting valuable
information from intervention descriptions to enhance maintenance planning. While previ-
ous research has explored machine learning with textual data using classification techniques,

limitations arise when domain expertise and labeled data are lacking.

To address these limitations, we propose a novel approach incorporating BERTopic for topic
modeling alongside autoencoders for robust feature extraction, aiding in the identification of
different equipment states. These states will be integrated into a Bayesian network for predic-
tion and decision-making. By leveraging these advanced techniques, we aim to improve the
predictive maintenance process, providing more accurate and actionable insights to optimize

operational efficiency and reduce downtime.

2.1 Methodology

The methodology employed in this study is designed to systematically develop and refine
a predictive maintenance model for the CEVITAL company. The following sections provide a

detailed description of each step involved, ensuring clarity and reproducibility of the process.

This approach architecture is sketched in Figure 2.1 and involves four main steps.
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Data Preprocessing

k Data
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Figure 2.1: Architecture of the proposed approach

2.1.1 Data collection

The data collection phase is the foundational step in our predictive maintenance process.
The data was sourced from the Computerized Maintenance Management System (CMMS)
Coswin 8i, specifically from the CEVITAL company. To extract the necessary data, we utilized
SQL Server Management Studio (SSMS), a robust database management tool, through which
SQL queries were executed to gather data in various tabular formats. The data collected

spans the entire year of 2023. As a result, we obtained five distinct tables.

The figure 2.2 illustrates the Entity-Relationship Diagram, which presents the tables and their

relationships clearly.
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Feedbacks

Zone
-PK_WORK_ORDER
- Technician -MDZO_CODE
- Comments - MDZO_DESCRIPTION

1,1
1,1
Work Order
-PK_ WORK_ ORDER L1 Have
-#WOWO_JOB 'y
-#WOWO_ACTION_ENTITY
-#WOWO_EQUIPMENT
- WOWO_CREATION_DATE
1,1| - WOWO_EQUIPMENT_DESCRIPTION
Have <— - WOWO_EQUIPMENT_STATUS
-WOWO_TOTAL_COST
A
1,
v In " 1,1
Intervention Equipment
- MDJB_CODE —gﬁgg——-m‘ EQUIFMENT
- MDJB_DESCRIPTION In 11 |-ERE Q: CATEGORY

-MDJB_JOB_TYPE
-MDJB_ENTITY
-#MDJB_EQUIPMENT

Receive ) €————_ EREQ_DESCRIPTION
- EREQ_SYSTEM_ZONE
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Figure 2.2: Entity-Relationship Diagram

2.1.1.1 Data description

To provide a comprehensive understanding of the collected data, it is essential to describe
the structure and contents of each table in our dataset. The following table 2.1 summarizes
the key attributes and dimensions of the data we gathered from the CMMS Coswin 8i system,

covering various aspects of the maintenance activities at CEVITAL.

2.1.2 Exploratory Data Analysis

The EDA phase is a crucial step in our methodology, designed to uncover insights and
underlying patterns within the collected data. This phase involves a series of analytical tech-
niques aimed at summarizing the main characteristics of the data, often with visual methods.
By thoroughly exploring the dataset, we can identify significant trends, relationships, and

anomalies that inform the subsequent stages of our predictive maintenance model develop-
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Table 2.1: Data description

Table Size Description

Intervention | (144851, 8) This table records the maintenance interventions carried out,
including details such as the intervention ID, description,

type, and location.

Work Order (11461, 89) Captures work orders issued for maintenance tasks, including
fields like work order ID, priority, status, the person in charge,

and associated equipment and intervention.

Equipment (35256, 60) Lists all equipment managed within the CMMS, with at-
tributes such as equipment ID, category, description, and lo-

cation.

Zone (890, 49) Defines the zones or areas where equipment is located, con-

taining zone ID, name, and description.

Feedback (11461, 3) Contains feedback related to the maintenance work per-
formed, including work order ID, the technician or personnel

responsible for carrying out the maintenance task, and com-

ments.

ment.

2.1.2.1 Statistical Summaries

The first step in our EDA process involves generating descriptive statistics for the numeri-
cal columns in our dataset. Descriptive statistics provide a summary of the central tendencies,
dispersion, and overall shape of the distribution of the data. Specifically, we calculated mea-
sures such as the mean, median, standard deviation, minimum, and maximum values for each
numerical attribute. For instance, figure 2.3 presents a statistical summary of the Work Order
table, offering insights into the distribution and variability of key maintenance metrics.

PK_WORK_ORDER TIMESTAMP WOWO_ALLOCATED_HOURS WOWO_CAN_CHANGE_EQUIPMENT WOWO_CODE  WOWO_COMPLETION_RATE WOWO_CON_AVAILABILITY WOWO_CONFORMITY_STATUS WOWO_DOWN_TIME

count  11461.000000 11461.000000 11461.000000 11461.000000 1.146100e+04 11461.000000 11461.0 11402.0 11461.000000
mean 792533666259 17.784487 0.000873 0.774278  2.023071e+09 88.625925 4.0 0.0 174.506413
std 39023.737970 43.673703 0.029527 0418075 3.904124e+04 94.467491 0.0 0.0 13209.451717
min  721732.000000 2.000000 0.000000 0.000000 2.023000e+09 0.000000 4.0 0.0 0.000000
25%  758930.000000 10.000000 0.000000 1.000000 2.023037e+09 100.000000 4.0 0.0 0.000000
50%  790939.000000 14.000000 0.000000 1.000000 2.023069e+09 100.000000 4.0 0.0 0.000000
75%  828686.000000 19.000000 0.000000 1.000000 2.023107e+09 100.000000 4.0 0.0 0.000000
max  856681.000000 4028.000000 1.000000 1.000000 2.023135e+09 5000.000000 4.0 0.0 1000000.000000

Figure 2.3: Statistical Summaries
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2.1.2.2 Data Visualization

To complement the numerical summaries, we employed various data visualization tech-
niques to illustrate the distributions, relationships, and trends within the data. Visualizations
are powerful tools for interpreting complex datasets, making patterns more discernible and

accessible.

Figure 2.4 presents a bar plot detailing the distribution of entities across CEVITAL’s factories.
The horizontal axis enumerates the different factories, while the vertical axis quantifies the
number of entities within each facility. This visualization underscores the varying operational
scales of CEVITAL’s factories, offering insights into the organizational structure and resource
allocation within the company.

Entity Distribution

100 4

80

60

Count

40 A

20

DSUMNHY Quy T < uw e NN N URE WA [ U= = W U =g =
mggggmmjgszu%IOmﬂ-ml‘lmOU-EDU—'I‘”‘JB:’Esf“\'gEZECLﬁz&mCJgEg
@ oom EEf0ERrPaI < IFa wMBaL mEd+rPE3 mSanhuapkE
g g US55 35g 08 28" Bt gegITeN s 8 25
E u uwuog oY L3 a B = 8]
N £ S
o @ X & ©
W %
g

Entity

Figure 2.4: Entities distribution across CEVITAL’s factories

Figure 2.5 illustrates a bar plot depicting the various types of interventions carried out. The
horizontal axis categorizes the different types of interventions, while the vertical axis represents
the frequency of each type. Each bar corresponds to a specific intervention type, providing a

clear visual comparison of their prevalence.

To supplement the bar plot, Table 2.2 outlines the detailed descriptions of each intervention

type, as identified by their respective codes.
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Types of interventions
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Figure 2.5: Types of interventions

Table 2.2: Intervention types descriptions
Code Description
CORR Correctif
PREV Préventif
CPR Correctif réalisé par la production
NETT NETTOYAGE
FOUR FOURNITURES DIVERSES
AMEL Amélioratif
PROD PRODUCTION
RONDE RONDE
R _ATL REPARATION ATELIER
INVEST Investissement (Nouvelle Installation)

The bar plot in Figure 2.5 indicates that corrective interventions are the most common,
reflecting the frequent need for corrective actions within the factories. This is followed by
preventive interventions, highlighting a significant focus on preventative measures. In contrast,
interventions such as R ATL and INVEST are less frequent, indicating specific, less recurrent
maintenance activities. This comprehensive visualization and accompanying table provide

valuable insights into the maintenance strategies and operational priorities.
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Equipment level Work Order completion rate Work Order duration
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Figure 2.6: Exploratory Data Analysis of the table Work order

Figure 2.6 provides an exploratory data analysis of the work order table through three distinct

subfigures, each highlighting a specific aspect of the data.

Subfigure 2.6a illustrates the distribution of work orders across different equipment levels. The
plot reveals the concentration of work orders in specific equipment levels, indicating the areas

with higher maintenance needs and potential focus for operational efficiency improvements.

Subfigure 2.6b presents the work order completion rate. The x-axis denotes the percentage of

work orders completed, while the y-axis indicates the count of work orders of each rate.

The final subfigure 2.6¢ depicts the duration of work orders in hours. The x-axis categorizes
different durations, and the y-axis shows the frequency of work orders falling within each dura-
tion category. This visualization helps in identifying the average and outlier durations of work
orders, providing insights into the efficiency of the maintenance operations and highlighting

areas that may require process optimization.

Figure 2.7 presents an exploratory data analysis of the work order table through two insightful

subfigures, each highlighting a different dimension of the data.

Subfigure 2.7a illustrates the distribution of various intervention classes within the work orders.
The x-axis represents the different classes of interventions, while the y-axis indicates the
frequency of each class. This visualization helps in identifying which types of interventions
are most prevalent, providing a clear overview of the maintenance strategies and their emphasis

on specific intervention categories such as preventive, corrective, or palliative measures.

Subfigure 2.7b depicts the distribution of work order priorities. The x-axis categorizes the

different priority levels, while the y-axis shows the number of work orders associated with each
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priority level. This plot is essential for understanding how maintenance tasks are prioritized
within the organization, highlighting the allocation of resources and the urgency of different
maintenance activities.
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Figure 2.7: Exploratory Data Analysis of the table Work order

2.1.2.3 Correlation Analysis

In addition to the exploratory data analysis presented in Figures 2.6 and 2.7, a correlation
analysis was performed on the work order table between different features to identify potential
predictive relationships. This table was selected for its rich numerical data across numerous
columns, making it a prime candidate for identifying potential predictive relationships. A
heatmap was utilized to visually represent the correlation matrix, highlighting both positive

and negative correlations among the variables as illustrated in the figure 2.8.

The analysis revealed that most correlations were either weak or negative. However, a few

key positive correlations were identified:

e WOWO EQUIPMENT LEVEL and WOWO EQUIPMENT TYPE: This
positive correlation suggests that certain equipment levels are consistently associated

with specific types of equipment, indicating standardized equipment classifications.

e WOWO EQUIPMENT JOB and WOWO JOB STATUS: A positive corre-
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lation here implies that certain jobs are closely linked with specific job statuses, poten-

tially indicating standardized job processes.

e WOWO DURATION and WOWO PLAN: The positive correlation between
work order duration and planning suggests that better-planned work orders tend to

have longer durations, possibly due to more comprehensive maintenance activities.

e WOWO JOB PLANNING TYPEand WOWO PLAN PRIORITY: This
correlation indicates that different job planning types are associated with varying levels

of plan priority, highlighting how planning strategy influences priority settings.
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Figure 2.8: Correlation matrix
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2.1.3 Data preprocessing

Data preprocessing is a critical step in machine learning tasks, involving the transforma-
tion of raw data into a format suitable for modeling. This process includes cleaning data by
handling missing values, removing duplicates, and correcting errors. It also involves normaliz-
ing or standardizing data to ensure consistent scale, encoding categorical variables, and feature
selection to narrow down the set of input variables to those that contribute most significantly
to the predictive task, thus reducing dimensionality and computational complexity. Effec-
tive data preprocessing enhances the model’s performance, reliability, and generalizability,

ultimately leading to more accurate and robust predictions.

2.1.3.1 Data cleaning

In the data cleaning phase, conducted across all tables within our dataset, we systemat-
ically addressed various issues to ensure data integrity and reliability for subsequent analy-
sis. This comprehensive approach involved handling missing values and removing redundant

columns across all tables.

Handling Missing Values

Missing values were addressed across all tables in the dataset by adopting a tailored
approach based on the extent and impact of missingness. For tables where missing values
constituted a small percentage of the total records, rows containing missing values were se-
lectively removed to preserve the integrity of the dataset. This targeted deletion of rows with
missing values ensures that the majority of the dataset remains intact while mitigating the
impact of missing values on subsequent analysis. In cases where missing values were more
pervasive or concentrated within specific columns, a column-wise approach was employed.
Columns with a significant proportion of missing values, deemed to have limited utility for
analysis, were removed entirely from the dataset. This strategic removal of columns with high
missingness reduces noise and simplifies subsequent analysis without compromising the overall

integrity of the dataset.

Removing redundant columns

Another crucial aspect of data cleaning involves identifying and removing redundant

columns that do not contribute meaningful information to the analysis. In our dataset, we
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observed columns where all records held identical values, providing no variability or predictive
power as illustrated in 2.9. Consequently, we made the decision to remove such columns from
each table, streamlining the dataset and reducing unnecessary complexity. By eliminating
redundant columns across all tables, we not only enhance computational efficiency but also

improve the interpretability and effectiveness of subsequent modeling efforts.
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Figure 2.9: Redundant columns analysis

2.1.3.2 Feature selection

Following the data cleaning phase, we proceeded with the feature selection process, focus-
ing on merging and refining the dataset to retain only the most relevant information for our
predictive maintenance task. Initially, we identified the two tables with the most pertinent
columns post-cleaning: Work Order and Intervention. Recognizing the significance of these

tables in capturing maintenance activities, we merged them to create a consolidated dataset.

Upon merging, our attention turned to refining the dataset further. Given the diversity of
maintenance activities, we opted to narrow our focus to interventions categorized as correc-
tive maintenance, which are often indicative of imminent equipment failures or malfunctions.
This targeted approach allowed us to extract insights specific to critical maintenance events,

enhancing the predictive capabilities of our models.

Subsequently, we filtered the dataset to concentrate solely on interventions related to a partic-
ular equipment type: "Convoyeur". This deliberate focus enabled us to delve deeply into the

maintenance history and performance of this specific equipment, facilitating more nuanced

analysis and prediction.
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As a final step in the feature selection phase, we curated the dataset to include only the most

informative columns essential for our predictive modeling task. These included:

- Textual Data: Intervention description and equipment description, providing contex-

tual information about the maintenance activities and the equipment involved.
- Date: Intervention date, enabling temporal analysis and trend identification.

- Location: Geographic location of the intervention, providing spatial context to main-

tenance events.

- Cost: We also incorporated repair costs attribute, to capture the financial implications

of maintenance activities.

By streamlining the dataset to include these key attributes, we ensured that our subsequent
analysis would be focused, efficient, and aligned with the objectives of our text mining for
predictive maintenance endeavors. Additionally, to facilitate a chronological understanding of
maintenance events, we sorted the dataset by date, enabling sequential analysis of maintenance
activities and their impact on equipment performance and reliability. All of this steps are

summarized in the diagram illustrated in figure 2.10.

Intervention table Work order table
(144851,8) identified (11461,89) identified
through database through database
searching searching
(144851,6) identified (8174,24) identified
after data cleaning after data cleaning

(8174,29) identified
after merging the two
tables

(5644,29) identified
after picking
corrective type

(375,29) identified
after selecting the
equipment convoyeur

(375,5) identified after
feature selection

Figure 2.10: Dataset study flowchart

39



Proposed Approach

2.1.3.3 Data transformation

Once the data has been cleaned, the next crucial step is data transformation. This process
involves converting the cleaned data into a suitable format for analysis and modeling. One
significant aspect of data transformation in our study is the handling of the date column. We

parsed the dates into a uniform format to standardize the dataset.

2.1.3.4 Text preprocessing

With the dataset now refined and enriched with textual information, our attention is
directed towards harnessing the inherent value embedded within textual data for predictive
maintenance analysis. Textual data represents a rich source of contextual information, offering
nuanced insights into maintenance activities and equipment performance. To unlock the
latent predictive potential contained within these textual descriptions, we will embark on a

systematic text preprocessing endeavor.

In this step, we focus on preprocessing the text in the MDJB _DESCRIPTIONS column, which
contains descriptions of interventions before the maintenance occurred. This preprocessing
involves transforming the textual data through techniques such as tokenization, lemmatiza-
tion, and stopwords removal, preparing the text for clustering tasks. Once preprocessed, the
text is ready to be converted into numerical representations suitable for further analysis and

modeling.

In our case we skipped using lemmatization, stemming and stop words removal to avoid
changing the semantic of the description when using the BERTopic, ex : “conveyor engine
was not functional” after removing stop words will be “conveyor engine was functional” which

changed the whole meaning of the sentence.

the preprocessing techniques used in our case are :

- Lower casing: this operation is performed for better visualization only and does not

affect the performance of the model.

- Spell correction: a lot of words in the text were abbreviated or misspelled, so it is

essential to correct these words to help the model recognize the semantic in each one.

- Punctuations removal: punctuations are not used in catching the semantic in de-

scriptions so we preferred to remove them to simplify the preprocessing
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As illustrated in Figure 2.11, the preprocessing techniques are applied systematically to the
maintenance descriptions. The figure showcases an example of an original description and the
steps involved in transforming it for analysis, highlighting the importance of each preprocessing
step.

MDJIB_DESCRIPTION numbers_removed punctuation_removed lowercas spell correction

q . i changement trois rouleau supérieure  changement trois rouleau supérieure de  changement trois rouleau supérieure de  changement trois rouleau supérieure
0 Changement trois rouleau supérieure de tapis 3015 9 P 9 P! g B 9 P

de tapis tapis tapis 3015 de tapis

1 Ecrasement bouteilles sur la TDC ecrasement bouteilles sur la tdo écrasement bouteilles sur la tdo ecrasement bouteilles sur la tdc écrasement bouteilles sur la tde
2 HEUFTE DEFAILLANT EJECTION BOUTEILLES heufte defaillant ejection bouteille: heufte ejection bouteille: heufte defaillant ejection bouteilles heufte defaillant ejection bouteilles
'CONFORME conforme conforme conforme conforme

3 Rupture chaine convoyeur CO3 sortie bandroleuse rupture chaine convoyeur c sortie rupture chaine convoyeur ¢ sortie rupture chaine convoyeur c03 sortie rupture chaine convoyeur c sortie
bandroleuse bandroleuse bandroleuse bandroleuse

arrét du convoyeur sortie salle

4 Arret du convoyeur sortie salle blanche  arret du convoyeur sortie salle blanche  arrét du convoyeur sortie salle blanche arret du convoyeur sortie salle blanche et
5 Ecrasement bouteilles écrasement bouteilles écrasement bouteilles écrasement bouteilles écrasement bouteilles
6 Blocage des packs a I'entrée blocage des packs a I'entrée blocage des packs a I'enfrée blocage des packs a I'entrée blocage des packs a 'entrée
7 Cisaillement convoyeur entree pasto cisaillement convoyeur entree pasto cisaillement convoyeur entree pasto cisaillement convoyeur entree pasto  cisaillement convoyeur entree pasto

Figure 2.11: Illustration of each stage of text preprocessing

By meticulously cleaning and preprocessing the data, we ensured that the dataset was well-

suited for the clustering algorithm, thereby enhancing the accuracy and efficacy of our model.

2.1.4 Text Clustering

Following the text preprocessing step, we proceed to the clustering process. By applying
clustering algorithm, we aimed to identify distinct clusters that correspond to the conveyor’s
behavior at different points in its operational lifespan. Clustering allows us to group sim-
ilar maintenance descriptions, facilitating a deeper understanding of common patterns and

anomalies in the conveyor’s operation.

In our proposed methodology, we introduce an advanced clustering approach that leverages
BERTopic combined with an autoencoder and K-means. BERTopic is a powerful tool for
topic modeling that creates dense embeddings of textual data, capturing nuanced semantic
relationships. To enhance these embeddings, we employ an autoencoder, a neural network de-
signed for efficient dimensionality reduction. The autoencoder processes the high-dimensional
embeddings generated by BERTopic, compressing them into a lower-dimensional space while
preserving their essential features. This step is crucial for reducing computational complexity

and improving the clustering performance.

After obtaining the reduced-dimensional features from the autoencoder, we apply K-means
clustering to effectively group the intervention descriptions. K-means is a widely used cluster-

ing algorithm that partitions data into distinct clusters based on their similarity. By applying
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K-means to the autoencoder-reduced embeddings, we ensure that the clustering process is
both efficient and accurate, allowing us to uncover meaningful patterns within the mainte-

nance data. This whole process is summrized in algorithm 6.

By identifying these distinct clusters, we gained valuable insights into the operational dynam-
ics of the conveyor. This information is instrumental in developing predictive maintenance
models that can anticipate future maintenance needs based on historical patterns, ultimately

enhancing the reliability and efficiency of the conveyor system.

Algorithm 6 Text Clustering with BERTopic, Autoencoder, and K-means

Input: Maintenance descriptions dataset D

Output: Clustered maintenance descriptions

Step 1: Text Preprocessing

Perform text preprocessing on dataset D to clean and prepare maintenance descriptions.
Step 2: Embedding with BERTopic

Use BERTopic to create dense embeddings of the preprocessed maintenance descriptions:

e BERTopic generates high-dimensional embeddings capturing semantic relationships.

7: Step 3: Autoencoder for Dimensionality Reduction
8: Employ an autoencoder to compress the high-dimensional embeddings into a lower-

dimensional space:

e Train an autoencoder neural network to reduce computational complexity and pre-

serve essential features.

9: Step 4: K-means Clustering

10: Apply K-means clustering to the reduced-dimensional embeddings from the autoencoder:

e Partition the maintenance descriptions into distinct clusters based on similarity.

2.1.5 Bayesian Network Model

Following the clustering process, the next step in our methodology involves the creation
of a predictive model using a Bayesian network. Bayesian networks are probabilistic graphical
models that represent a set of variables and their conditional dependencies via a DAG. This
approach is particularly well-suited for predictive maintenance as it can effectively handle the

uncertainty and variability inherent in maintenance data.

Algorithm 7 summrize the main steps to model a Bayesian Network for Predictive Mainte-

nance.
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Algorithm 7 Bayesian Network Model for Predictive Maintenance

1: Input: Clustered data, work order dates

2: Output: Predictive Bayesian network

3: Step 1: Identify Variables

4: Define current _state, time__since last _intervention, and next state.

5. Step 2: Determine Network Structure

6: Construct directed acyclic graph (DAG) representing the conditional dependencies

7: Step 3: Parameter Learning

8: for each variable in the network do

9: Estimate conditional probability distributions based on observed data

10: Calculate likelihood of outcomes given the states of parent variables

11: end for

12: Step 4: Build Bayesian Network

13: Construct the Bayesian network using the defined structure and estimated parameters
14: Encapsulate probabilistic relationships between different factors affecting conveyor per-

formance

15: Step 5: Model Validation and Use

16: Validate the model with historical data

17: Use the model to predict next state based on current state and
time__since_last _intervention

18: Step 6: Maintenance Decision Support

19: Estimate likelihood of future degradation states and maintenance needs

20: Define a critical state where the conveyor system is at significant risk of failure.

21: Set a threshold probability in the CPD of next state. When this threshold is reached,
trigger proactive measures to avert potential failures.

22: Schedule proactive maintenance activities to minimize downtime and optimize efficiency

To build our Bayesian network, we first identify the key variables that influence the degrada-
tion states and maintenance needs of the conveyor system. These variables include the current
state based on the clusters, time since the last intervention derived from work order dates,
and the next state, which we aim to predict. A critical state is defined based on the clusters
analysis, where the system is deemed at significant risk of failure. We establish a threshold
probability in the CPD of the next state. When this threshold is reached, proactive measures

are automatically triggered to prevent potential failures.

The structure of the Bayesian network is then determined by establishing the conditional
dependencies between these variables, which is achieved through both domain expertise and

data-driven techniques. Once the network structure is defined, we proceed to parameter
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learning, where the conditional probability distributions for each variable are estimated based
on the observed data. This involves calculating the likelihood of various outcomes given the
states of their parent variables in the network. The resulting Bayesian network provides
a comprehensive model that encapsulates the probabilistic relationships between different

factors affecting the conveyor’s performance.

The predictive capabilities of the Bayesian network allow us to estimate the likelihood of
future degradation states and maintenance needs based on current observations and histori-
cal data. This enables the anticipation of potential failures and the proactive scheduling of
maintenance activities, thereby minimizing downtime and optimizing operational efficiency.
Additionally, the interpretability of the Bayesian network offers valuable insights into the

causal relationships within the maintenance data, supporting more informed decision-making.

2.2 Conclusion

In this chapter, we have detailed a thorough approach to predictive maintenance analysis
using advanced data preprocessing, clustering, and predictive modeling techniques. We began

by refining our dataset, concentrating on the textual descriptions of maintenance interventions.

After preprocessing, we implemented a sophisticated clustering method that combined BERTopic,
an autoencoder, and K-means clustering. This method allowed us to create dense textual em-
beddings, reduce dimensionality, and accurately group intervention descriptions into distinct
clusters, revealing important insights into the conveyor system’s degradation states through-

out its lifecycle.

Finally, we developed a predictive model using a Bayesian network. By incorporating the
clusters, this model effectively predicted future degradation states and maintenance needs,

facilitating proactive maintenance scheduling and enhancing operational reliability.

In the next chapter, we will take our research to the next level by implementing and rig-
orously evaluating our approach in the context of text mining for predictive maintenance.

Furthermore, we will present the tools and development environment employed in our study
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This chapter outlines the various methodologies we tested before identifying the optimal
solution. We began with several hypotheses based on theory and preliminary data, guiding our
selection of experimental approaches. Each method was rigorously tested to address specific
aspects of our research problem.

Throughout this chapter, we present an overview of the tools utilized in our experimental
journey to identify the optimal approach. We start by detailing our initial experiments in
text clustering, followed by the application of Bayesian network models and hidden Markov
models. The implementation and results of each tool are thoroughly discussed, culminating in
a comparative analysis and concluding remarks. This chapter aims to illustrate our method-
ological progression, highlighting the significant role of text mining and Bayesian networks in

achieving our research objectives.

3.1 Tools presentation

This section outlines the methodological framework used in the research, detailing the

specific methods and techniques chosen. The selection of tools was guided by alignment with
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research goals and proven effectiveness in similar studies, supported by a thorough literature
review and comparative analysis. The chosen methods directly addressed the research question
and facilitated achieving the objectives, providing a transparent and replicable roadmap for

critical evaluation and future research.

3.1.1 Working environment

3.1.1.1 Google colab

This project heavily relies on Google Colab, a cloud-based platform offered by Google
for executing and collaborating on Jupyter notebooks. Colab functions as a sophisticated
virtual workspace, eliminating the need for local high-performance computing resources. It
fosters research endeavors by enabling researchers to work from any location with an internet
connection. Notably, Colab seamlessly integrates with Jupyter notebooks, a versatile docu-
ment format that blends code, text, and visualizations. This unique combination makes Colab
an ideal tool for data analysis, machine learning experimentation, and collaborative research
efforts. Furthermore, Colab boasts a pre-installed arsenal of popular machine learning and
data science libraries, readily available for immediate use. Perhaps most compellingly, Co-
lab offers free access to powerful hardware resources like GPUs and TPUs . These resources
significantly accelerate deep learning tasks, making Colab an indispensable asset for research

involving complex computational models.

3.1.2 Programming language

In this section, we explore the programming languages used in this research, with a special
emphasis on Python and its extensive libraries. Python was selected due to its flexibility, read-
ability, and comprehensive ecosystem, making it suitable for a variety of tasks, including data
preprocessing, analysis, and the implementation of sophisticated machine learning models.
We will discuss the specific libraries and tools that were utilized to streamline development
and enhance application functionality. This overview will illustrate why Python was chosen

and how its features and libraries supported our research efforts.

3.1.2.1 Python

Python is a versatile programming language known for its high-level, user-friendly, and

dynamically interpreted nature. It started as a personal project by its creator, who wanted
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to create a language that was both elegant and easy to read, featuring indentation to define
code blocks instead of using curly braces. Although Python initially didn’t gain widespread
popularity compared to other languages, it has become highly regarded in the fields of Machine
Learning and Artificial Intelligence because it enhances productivity and simplifies complex
tasks. This increased utility is largely due to the powerful computing resources available today;,

which facilitate more efficient workflows even when development is time-consuming [47].

3.1.2.2 Python libraries

In this section, we delve into the Python libraries central to our research in ML and Al
Python’s extensive library ecosystem has greatly facilitated our work. NumPy and pandas are
essential for data manipulation, while Scikit-learn provides efficient algorithms for predictive
analytics. TensorFlow and PyTorch stand out for deep learning tasks, enabling the construc-
tion and training of complex neural networks. Additionally, NLTK and spaCy play key roles
in natural language processing. These libraries collectively empower us to address intricate

ML and AI challenges efficiently and ethically.

e Numpy : Numerical Python (Numpy) is a foundational library for scientific computing
in Python. It excels at efficient array manipulation, providing multidimensional arrays
(NumPy arrays) that significantly outperform built-in Python lists for large datasets.
Optimized functions and operators specifically designed for NumPy arrays further accel-
erate computations. This makes NumPy a natural choice for data analysis, empowering
researchers to manipulate and analyze large datasets with ease. Notably, NumPy serves
as the bedrock for popular libraries like SciPy and scikit-learn, which leverage NumPy’s
core functionalities for advanced scientific computing. In some cases, NumPy, when

combined with libraries like SciPy and Matplotlib, can even be a viable alternative to

MATLAB [48].

e Pandas : Pandas is a Python library specifically designed for data analysis. It pro-
vides powerful data structures, like DataFrames (similar to spreadsheets), and various
functions to simplify and expedite working with structured data. Pandas aims to make
data analysis tasks faster, easier, and more expressive by offering efficient tools for data

manipulation, cleaning, and analysis [49)].

e Scikit learn : Scikit-learn (or sklearn) is a widely adopted open-source software library
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for Python that empowers researchers and practitioners in the field of machine learning.
It offers a comprehensive suite of well-documented and user-friendly algorithms encom-
passing various machine learning tasks. These tasks include classification (categorizing
data points), regression (predicting continuous values), dimensionality reduction (trans-
forming high-dimensional data for efficient processing), and clustering (grouping similar
data points). Additionally, scikit-learn provides modules for feature extraction (identify-
ing relevant characteristics from data), data preprocessing (preparing data for machine
learning algorithms), and model evaluation (assessing the performance of trained mod-
els). This extensive functionality, coupled with its user-friendly API, makes scikit-learn

a versatile and popular choice for machine learning in Python [50].

Matplotlib : Matplotlib stands as a cornerstone library in the Python data science
ecosystem. Renowned for its ability to generate high-quality visualizations, it empow-
ers users to explore and understand complex datasets through the power of charts and
graphs. Matplotlib offers a user-friendly interface, allowing researchers and data sci-
entists of all experience levels to create informative plots with relative ease. Notably,
it provides flexibility by supporting a wide range of plot types and output formats,
ensuring compatibility with various presentation and analysis needs. This versatility
makes Matplotlib a go-to tool for tasks like correlation analysis, visualizing confidence

intervals, outlier detection, and data distribution exploration [51].

SpaCy : spaCy is a powerful, open-source library tailored for advanced NLP in Python.
It is built for production environments, enabling efficient processing of extensive text
data. With support for over 75 languages, spaCy includes pretrained models and compo-
nents for a range of NLP tasks such as named entity recognition, part-of-speech tagging,
and dependency parsing. It is designed to integrate effortlessly with machine learning
frameworks like PyTorch and TensorFlow, making it a versatile tool for developing and

deploying NLP applications [52].

The Natural Language Toolkit : The Natural Language Toolkit (NLTK) is a versa-
tile Python library for handling human language data. It offers a wide array of tools for
text processing, including tokenization, stemming, lemmatization, and part-of-speech
tagging. NLTK also provides access to numerous corpora and lexical resources, which

greatly aid in the preprocessing and analysis of textual data. Utilizing NLTK allowed
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us to efficiently convert raw maintenance logs into structured data, an essential step for

our predictive modeling efforts [53].

e Network : The network package is a library used for handling, analyzing, creating,
manipulating, visualizing, and analyzing networks or graphs, which consist of nodes

(vertices) and edges (connections) [18].

e Pgmpy : The pgmpy package, which stands for "Probabilistic Graphical Models in
Python," is a specialized Python library designed for working with PGMs. PGMs are
essential tools for representing and reasoning in uncertain domains, utilizing probabilities
to manage uncertainty. These models are extensively used in machine learning, artificial
intelligence, and statistics for tasks such as probabilistic inference, decision making,
and pattern recognition. Pgmpy provides a comprehensive set of tools for creating,
manipulating, and learning various types of probabilistic graphical models, including
Bayesian Networks, Markov Networks, and Factor Graphs, and supports functionalities

for inference, parameter learning, structure learning, and more [18].

3.1.2.3 Structured Query Language

Structured Query Language (SQL) is a specialized language for managing relational
databases, offering a standardized way to query, modify, and structure data, crucial for effi-

cient data management across platforms and applications [54].

Our data was extracted from the CMMS Coswin 8i, using the database management tool

SQL Sever Management Studio.

e SQL Server Management Studio : SQL Server Management Studio (SSMS) is a
comprehensive integrated environment for managing SQL Server databases. It provides
tools for configuring, monitoring, and administering instances of SQL Server, enabling

efficient database development and maintenance tasks [55].

3.2 Text clustering techniques

To develop the optimal clustering model, we systematically tested numerous topic model-
ing techniques in conjunction with several dimensionality reduction methods. Each approach

was implemented using K-means clustering, and its effectiveness was subsequently evaluated
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with the silhouette score. By analyzing the strengths and weaknesses of each technique, we

offer a detailed account of our efforts to identify the optimal clustering model.

3.2.1 Term Frequency-Inverse Document Frequency

TF-IDF, a technique that assesses the importance of a word within a document relative
to a corpus, is heavily dependent on term frequency. Therefore, word frequency-based pre-
processing was applied to prepare the text for the subsequent steps in the process. After that,

the preprocessed text data is converted into a numerical representation using TF-IDF'.

3.2.1.1 Without dimensionality reduction

In this section, we applied TF-IDF for topic modeling without any dimensionality re-
duction techniques, assessing the model’s ability to extract topics directly from the original

dataset.
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Figure 3.1: Silhouette score - TF-IDF without dimensionality reduction

The low silhouette score observed from the Figure 3.1 when using TF-IDF for clustering
likely stems from the inherent sparsity of TF-IDF vectors. This sparsity arises because TF-
IDF assigns high weights to only a few relevant terms in each document, resulting in high-
dimensional vectors with most elements being zero. This phenomenon can be attributed to

two factors in our case:

1. Vocabulary Expansion :Document descriptions naturally contain a wide variety of
words, including potential misspellings. These unique terms contribute to a larger overall

vocabulary.
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2. Limited Term Occurrence :Each document typically uses only a small subset of all

possible terms within this expanded vocabulary.

Consequently, TF-IDF vectors become sparse, containing numerous zero entries. This sparsity
significantly impacts the effectiveness of distance-based clustering algorithms like K-means.
In simpler terms, sparse vectors make it difficult for the algorithm to accurately measure
the distance between data points, hindering its ability to identify distinct and well-separated

clusters.

3.2.1.2 Using Umap

The Figure 3.2 shows the silhouette score for when we combined TF-IDF with Umap
for dimensionality reduction, aiming to improve topic extraction by reducing the dataset’s

complexity while maintaining its structure.

Silhouette Score for Different Number of Clusters
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Figure 3.2: Silhouette score - TF-IDF with Umap

The highest silhouette score was achieved with the number of clusters set to 2.

3.2.1.3 Using T-sne

This section explores the use of TF-IDF with T-sne for dimensionality reduction, with
the goal of enhancing the model’s topic extraction capabilities by mapping the data to a
lower-dimensional space. The different silhouette scores where calculated for different K con-

figurations as shown in the Figure 3.3.

51



Experimental Study and Results

Silhouette Score for Different Number of Clusters

0.39 1

0.38 1

0.37

Silhouette Score

0.36

0.35

T T T T T T
5 6 7 8 9 10
Number of Clusters

N
w4
-

Figure 3.3: Silhouette score - TF-IDF with T-sne

3.2.1.4 Using Autoencoder

In this part, we integrated TF-IDF with an Autoencoder for dimensionality reduction,
seeking to optimize the model’s performance. The result is depicted in the following Figure

3.4.
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Figure 3.4: Silhouette score - TF-IDF with Autoencoder

3.2.1.5 Using PCA

In this section, we explored the use of TF-IDF for topic modeling in conjunction with

PCA for dimensionality reduction.
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Silhouette Score for Different Number of Clusters
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The clustering was executed with a range of potential cluster configurations from 2 to 10.

Each configuration was evaluated based on the Silhouette Score, as illustrated in the Figure

3.5.

The following Table 3.1 displays the result of the experiments done with the TF-IDF.

Table 3.1: Silhouette scores for different dimensionality reduction’s techniques with TF-IDF

Number of clusters | Raw Umap T-sne PCA Autoencoder
data
2 0.041 0.651 0.392 0.676 0.407
3 0.041 0.413 0.387 0.603 0.355
4 0.048 0.424 0.387 0.611 0.365
5 0.050 0.444 0.378 0.472 0.343
6 0.054 0.430 0.344 0.523 0.348
7 0.059 0.423 0.366 0.529 0.339
8 0.076 0.426 0.365 0.446 0.349
9 0.066 0.428 0.361 0.435 0.361
10 0.075 0.437 0.358 0.454 0.352

93



Experimental Study and Results

3.2.2 Convolutional Neural Network (CNN)

When Convolutional Neural Networks (CNNs) are utilized for text processing, they do not
directly depend on word frequency. Instead, they focus on capturing the semantic meaning
of the text through the use of embeddings and convolutions. Consequently, a semantic-based
preprocessing approach is applied to the text descriptions before they are fed into the CNN.

To ensure uniformity in sequence length, padding is used.
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Figure 3.6: Silhouette score for different numbers of clusters - CNN

The highest silhouette score was captured for setting 2 clusters in the K-means algorithm and

gave (.29 as shown in the Figure 3.6

3.2.3 Latent Dirichlet Allocation (LDA)

While LDA does not directly incorporate word semantics, it implicitly captures semantic
relationships by grouping frequently co-occurring words. Therefore, applying word frequency
based preprocessing to clean and standardize text is crucial to accurately capture the word
frequency patterns essential for effective topic modeling. After preprocessing, a range of
dimensionality reduction techniques underwent evaluation to ascertain their compatibility
with the topic modeling approach, utilizing LDA with 3 topics, and clustering with K-means.

To validate the model’s performance, we employed the cross-validation method with 5 splits.

3.2.3.1 Without dimensionality reduction
In this section, we examined the application of LDA without any dimensionality reduction
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techniques. Our aim was to assess the model’s performance in extracting topics directly from
the original dataset. A silhouette score of 0.775 was captured when the k-means was trained
with a number of clusters of 3 which gave the highest score, as shown in the following Figure

3.7.
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Figure 3.7: Silhouette score - LDA without dimensionality reduction

3.2.3.2 Using Umap

Here, we explored the integration of LDA with Umap for dimensionality reduction. By
leveraging Umap, we aimed to enhance the model’s ability to extract meaningful topics from
the dataset. the Figure 3.8 shows the result of evaluating a range of cluster configurations (k)
from 2 to 10 using the K-means algorithm.
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Figure 3.8: Silhouette score - LDA with Umap
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3.2.3.3 Using T-sne

This section focused on employing LDA alongside t-SNE for dimensionality reduction.
The silhouette score attained was 0.65 during the training of the k-means algorithm with a

cluster count of 7, representing the maximum score achieved as shown in the Figure 3.9.
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Figure 3.9: Silhouette score - LDA with T-sne

3.2.3.4 Using PCA

In this section, we investigated the application of LDA in combination with PCA for
dimensionality reduction. The highest silhouette score was captured when setting the number

of clusters for 3, as depicted in the following Figure 3.10.
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Figure 3.10: Silhouette score - LDA with PCA
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3.2.3.5 Using Autoencoder

In this part, we investigated the use of LDA combined with autoencoder for dimensionality

reduction. We evaluated a range of cluster configurations (k) from 2 to 10 using the K-means

algorithm. The following section presents the captured results.

This one gave the highest silhouette score among the other techniques, with a silhouette score

of 0.886 for 10 clusters as shown in the Figure 3.11.
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Figure 3.11: Silhouette score - LDA with Autoencoder
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The Table 3.2 presents the various scores obtained using different dimensionality reduction

techniques in conjunction with LDA and K-means for the description clustering task.

Table 3.2: Silhouette scores for different dimensionality reduction’s techniques with LDA

Number of clusters | Raw Umap T-sne PCA Autoencoder
data
2 0.582 0.471 0.508 0.582 0.871
3 0.770 0.522 0.639 0.770 0.874
4 0.716 0.567 0.629 0.716 0.878
5 0.715 0.582 0.622 0.715 0.883
6 0.744 0.628 0.630 0.744 0.882
7 0.749 0.670 0.650 0.749 0.884
8 0.732 0.709 0.639 0.732 0.885
9 0.687 0.746 0.626 0.687 0.885
10 0.686 0.744 0.626 0.686 0.886
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3.2.4 Sentence BERT

Sentence-BERT (SBERT) is a transformer model designed to prioritize semantic similarity
during text clustering tasks. To optimize the descriptions for clustering, a similarity based

preprocessing is conducted to ensure they are thoroughly prepared.

3.2.4.1 Without dimensionality reduction

In this section, we applied SBERT for topic modeling without any dimensionality re-
duction techniques, assessing the model’s performance in extracting topics directly from the

high-dimensional dataset. The following Figure 3.12 shows the evaluation of this model.
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Figure 3.12: Silhouette score for different numbers of clusters - SBERT without dimensionality

reduction
3.2.4.2 Using Umap

In this section, we investigated the use of SBERT combined with Umap for dimensionality

reduction. The silhouette scores obtained are illustrated in the following Figure 3.13.
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Figure 3.13: Silhouette score for different numbers of clusters - SBERT with Umap

3.2.4.3 Using PCA

In this section, we examined the use of SBERT in conjunction with PCA for dimensionality

reduction. The silhouette scores yeild are displayed in the next Figure 3.14.
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Figure 3.14: Silhouette score for different numbers of clusters - SBERT with PCA

3.2.4.4 Using T-sne

This section explores the use of SBERT combined with t-SNE for dimensionality reduc-

tion, aiming to enhance the model’s topic extraction capabilities by mapping the data into
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a lower-dimensional space that maintains its inherent relationships, as demonstrated in the
following Figure 3.15.
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Figure 3.15: Silhouette score for different numbers of clusters - SBERT with T-sne

3.2.4.5 Using Autoencoder

In this part, we combined SBERT with an autoencoder for dimensionality reduction. The

evaluation of this method is shown in the figure 3.16.
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Figure 3.16: Silhouette score for different numbers of clusters - SBERT with Autoencoder

Table 3.3 illustrates the scores for different dimensionality reduction techniques applied to

SBERT with K-means for the description clustering task.
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Table 3.3: Silhouette scores for different dimensionality reduction’s techniques with SBERT

Number of clusters | Raw Umap T-sne PCA Autoencoder
data
2 0.161 0.695 0.342 0.090 0.573
3 0.171 0.372 0.372 0.085 0.521
4 0.113 0.393 0.414 0.027 0.395
5 0.062 0.398 0.386 0.021 0.360
6 0.069 0.425 0.410 0.016 0.354
7 0.064 0.430 0.380 0.044 0.281
8 0.775 0.407 0.380 0.014 0.243

3.2.5 BERTopic

In this experiment, we applied BERTopic with several dimensionality reduction tech-
niques, followed by integration with K-means, to identify the method that most effectively

captures features and delivers the highest accuracy.
BERTopic is a model designed to capture semantic information, so we will apply semantic-

based preprocessing to our data before inputting it into the model.

3.2.5.1 Without dimensionality reduction

We explored the application of BERTopic without any dimensionality reduction tech-
niques. By using the raw data, we aimed to assess the model’s performance in capturing

semantic features directly from the original dataset.

The highest Silhouette Score was achieved with 2 clusters, as demonstrated in the following

Figure 3.17.
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Figure 3.17: Silhouette score for different numbers of clusters - BERT without dimensionality

reduction

3.2.5.2 With Umap

This time, we have investigated the use of BERTopic combined with UMAP for dimen-

sionality reduction. The yielded results are shown in Figure 3.18.
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Silhouette score for different numbers of clusters - BERT with Umap
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3.2.5.3 With T-sne

In this section, we examined the application of BERTopic in conjunction with t-SNE for
dimensionality reduction. By utilizing t-SNE, we aimed to enhance the model’s performance in
capturing semantic features by projecting the high-dimensional data into a lower-dimensional

space while preserving its important structures, as demonstrated in the following Figure 3.19.

The best silhouette score was captured for a number of clusters set at 10.
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Figure 3.19: Silhouette score for different numbers of clusters - BERT with T-sne

3.2.5.4 With PCA

In this section, we explored the application of BERTopic in conjunction with PCA for
dimensionality reduction. By employing PCA, our goal was to improve the model’s ability
to capture semantic features by reducing the dimensionality of the data while maintaining its

critical structures, as illustrated in the following Figure 3.20.

63



Experimental Study and Results
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Figure 3.20: Silhouette score for different numbers of clusters - BERT with PCA

3.2.5.5 With Autoencoder

Finally, we tested BERTopic with an autoencoder for dimensionality reduction, aiming to

enhance semantic feature extraction.
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Figure 3.21: Silhouette score for different numbers of clusters - BERT with Autoencoder
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This evaluation sheds light on the effectiveness of this approach for predictive maintenance.
If we consider the best Silhouette Score different from 1, a number of clusters of 3 is the best

fit in our clustering task with a score of 0.96, as demonstrated in the following figure 3.21.

In Table 3.4, the scores for various dimensionality reduction approaches applied to BERTopic

with K-means for description clustering are displayed.

Table 3.4: Silhouette scores for different dimensionality reduction’s techniques with BERT

Number of clusters | Raw Umap T-sne PCA Autoencoder
data

2 0.948 0.964 0.896 0.907 0.824
3 0.309 0.314 0.691 0.932 0.967
4 0.300 0.301 0.696 0.972 1.0

5 0.317 0.324 0.767 1.0 1.0

6 0.299 0.297 0.859 0.178 1.0

7 0.273 0.272 0.887 0.178 1.0

8 0.259 0.265 0.906 0.178 0.174
9 0.255 0.251 0.889 0.178 0.174
10 0.249 0.262 0.912 0.178 0.174

3.3 Bayesian Network Model

3.3.1 Data Assignment and Preprocessing for Bayesian Network

Once the text data is clustered, we assign each description to its corresponding cluster
and label it as a state. Additionally, we compute the time since the last intervention for each
record by calculating the difference between the current and previous intervention dates. This
time interval is discretized into meaningful categories such as <1 week’, "1 week - 1 month’,
’1-3 months’, etc. This discretization aids in simplifying the temporal data and making it more
suitable for probabilistic modeling. Each record is thus annotated with its current state, next

state (shifted by one time step), and the discretized time interval since the last intervention.

3.3.2 Bayesian Network Creation and Fitting

The core of our predictive modeling involves creating a Bayesian Network, which is a prob-

abilistic graphical model that represents a set of variables and their conditional dependencies

65



Experimental Study and Results

via a DAG. The network structure is defined with nodes representing the current state, next
state, and the time since the last intervention, and edges indicating the dependencies between
these variables. We fit this model using the Maximum Likelihood Estimator provided by the
pgmpy library, which learns the CPDs from the data. This fitted model can then be used to

infer future states based on current observations and historical data.

3.3.3 Visualization and Conditional Probability Distributions

Visualization of the Bayesian Network is performed using the networkx library, providing
a clear graphical representation of the model’s structure as illustrated in Figure 3.22. This vi-
sualization helps in understanding the dependencies and interactions between different states
and time intervals. Additionally, we display the CPDs for each node, which detail the prob-
ability distributions of each state given its parents. These CPDs are crucial for interpreting
the probabilistic relationships captured by the model, offering insights into the likelihood of

transitions between different states.

Next_state

RN

Time_Since_Last_Intervention Current_state

Figure 3.22: Bayesian Network diagram

3.3.4 Application and Prediction

The final part of our analysis involves applying the trained models to predict the next state
for new data points. Given a new maintenance description and its date, we preprocess the
text, predict its cluster, and use the Bayesian Network to forecast the subsequent state. This
predictive capability is invaluable for anticipating future incidents based on historical patterns,
aiding in proactive maintenance and decision-making. Additionally, we incorporate a critical
state defined by the clusters analysis, where the system is deemed at significant risk of failure.
We set a threshold probability in the CPD of the next state, specifically for State 2. When

this threshold is reached during prediction, proactive measures are automatically triggered to
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avert potential failures. State 0 is determined as a slight breakdown, State 1 as an average
breakdown, and State 2 as a critical failure. The entire workflow, from data loading to
state prediction, is designed to be robust and scalable, ensuring that our approach can handle

diverse and evolving datasets effectively.

3.3.5 Model Evaluation and Cross-Validation

To ensure the robustness and reliability of our Bayesian Network model, we perform
rigorous evaluation using log-likelihood scoring and cross-validation techniques. This process
involves several critical steps aimed at quantifying the model’s predictive performance and its

generalizability to unseen data.

First, we calculate the log-likelihood of the model, a metric that measures the probability of
the observed data given the model. This is achieved using the log likelihood score function
from the pgmpy library. A higher log-likelihood score indicates that the model better fits the

data, reflecting its capability to capture the underlying probabilistic structure accurately.

Next, we assess the prediction accuracy of the model. This involves using the VariableEl-
imination inference algorithm to predict the next state based on the current state and the
time since the last intervention. By comparing the predicted states to the actual observed
states, we can calculate the proportion of correct predictions, providing a direct measure of
the model’s accuracy. This step ensures that our model is not only theoretically sound but

also practically useful in making accurate predictions.

To further validate the model, we perform cross-validation using the K-Fold technique with
five splits. Cross-validation involves partitioning the dataset into multiple folds, training the
model on a subset of these folds (training set), and testing it on the remaining fold (test set).
This process is repeated multiple times, each time with a different fold as the test set. By
doing so, we mitigate the risk of overfitting and obtain a more reliable estimate of the model’s
performance. Specifically, we calculate the average log-likelihood and prediction accuracy

across all folds, providing a comprehensive evaluation of the model’s effectiveness.

The results from the cross-validation process, including the average log-likelihood and accu-
racy, offer critical insights into the model’s performance. These metrics help us understand the
model’s strengths and weaknesses, guiding further refinements and ensuring that our Bayesian

Network is robust, accurate, and generalizable. This rigorous evaluation framework is inte-
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gral to establishing the credibility of our predictive model and its potential applications in

real-world scenarios.

3.3.6 Results

In this section, we present the outcomes of applying Bayesian Network models combined
with text clustering techniques, specifically LDA and BERTopic, to predict state transitions
within our dataset. We analyze the CPDs for various states and evaluate the models’ pre-
dictive accuracy through metrics such as confusion matrices and log-likelihood scores. These
evaluations provide insights into the models’ effectiveness and highlight areas for potential

improvement.

3.3.6.1 Bayesian Network with LDA

The figure 3.23 shows the results of bayesian network model with a text clustering using LDA.
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Figure 3.23: Bayesian Network with LDA

The CPD for Current State shows the likelihood of the system being in each of the three
states without considering other variables. This provides a baseline understanding of the

system’s state distribution, indicating which states are more or less common.

The CPD for Time_Since Last Intervention shows that this variable is deterministic in
the current model, always being treated as less than a week. This could reflect the nature of the

dataset or a modeling simplification, impacting the interpretation of the model’s predictions.

The CPD for Next State given Current State and Time_ Since Last Intervention de-
tails the probabilities of the system transitioning to each state based on its current state and

the elapsed time since the last intervention. For example, when the current state is State 2
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and less than a week has passed since the last intervention, the system is most likely to tran-
sition to State 1 and least likely to remain in State 2. This helps in understanding the

system’s behavior over time and can inform maintenance strategies.

For the new data point described as “Rupture convoyeur” with the date “2023-12-30”, the model
classifies the current state as State (0. Based on this state and considering the time since the
last intervention as less than a week, the model predicts the probabilities for transitioning to
the next state. The system is most likely to remain in State 0, with significant chances of

transitioning to State_ 1.

The evaluation results show that the model has limited predictive accuracy, with an overall
accuracy of 35.73%. The confusion matrix A reveals that while the model can somewhat
predict State 0, it frequently misclassifies State 1 and State 2, indicating poor performance
in distinguishing between these states. The log-likelihood score of -161.98 further suggests that
the model’s predictions do not closely match the observed data, highlighting a need for further

refinement and improvement.
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3.3.6.2 Bayesian Network with BERTopic

In this section, we present the results of utilizing Bayesian Network with BERTopic for
predictive maintenance, employing three different dimensionality reduction techniques: au-
toencoder, PCA, and no dimensionality reduction. Remarkably, all three approaches yielded
identical results, as illustrated in the figure 3.24.
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Figure 3.24: Bayesian Network with BERTopic
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The CPD for Current _State indicates that the system predominantly exists in State 0,
with much lower probabilities for being in State 1 or State 2. This suggests that the system

is most often found in State 0 under normal circumstances.

The CPD for Time Since Last Intervention shows that this variable is deterministic,
always considered to be less than a week. This simplifies the model by focusing on short-term

transitions.

The CPD for Next State, given the current state and the time since the last intervention,
shows a high probability that the system will remain in State 0 if it is currently in State 2
and less than a week has passed since the last intervention. This highlights a strong tendency

for the system to stay in or return to State 0.

For the new data point described as "Rupture convoyeur" with the date "2023-12-30", the
model classifies the current state as State 0. Given this state and considering that less than
a week has passed since the last intervention, the model predicts a high probability that the
system will remain in State 0. There is a much lower probability of transitioning to State 1

or State 2.

In summary, the CPD tables reveal that the system is most often in State 0 and tends to
stay in or return to this state. For new data, the model predicts a high likelihood of remaining
in State 0, reflecting the patterns learned from the historical data. These insights are useful

for understanding the system’s behavior and for planning maintenance interventions.

The evaluation results show that the model performs exceptionally well in predicting State 0,
achieving a high accuracy of 83.2%. However, it fails entirely to predict State 1 and State 2,
as indicated by the confusion matrix B, where all instances of these states are incorrectly
classified as State 0. The log-likelihood score being -inf further underscores the model’s
inability to capture the underlying patterns in the data, suggesting significant deficiencies in
its predictive capabilities beyond State 0. Overall, while effective for one state, the model

requires substantial improvement to generalize across all states accurately.
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3.4 Hidden Markov Model Application

In this section, we use a Hidden Markov Model (HMM) to model and predict state transi-
tions in our dataset. An HMM is suitable for sequential data with hidden states, as it assumes

the system follows a Markov process.

We start by converting the Current State column to numeric values, required by the hmm-
learn library. Sequences from this column are then used to train the HMM. The model is
designed to identify transition probabilities between three hidden states, based on prelimi-
nary analysis indicating this captures the system’s dynamics. The training data is reshaped

to estimate the transition and emission probabilities.

The model’s performance is evaluated using prediction accuracy, which compares the HMM'’s
predicted states against the actual states to determine the proportion of correct predictions.
However, the results show an accuracy of just 10.7%, highlighting the need for significant

improvement in predicting state transitions accurately.

3.5 Comparison and discussion

Based on the experiments conducted, we observed that the highest Silhouette Scores were
achieved with LDA using an autoencoder for dimensionality reduction and with BERTopic
both without dimensionality reduction and with dimensionality reduction using an autoen-
coder and PCA, as shown in Table 3.5. Despite the slight differences in Silhouette Scores,
the integration of LDA results with the Bayesian network model led to poor performance.
Similarly, the BERTopic model did not show significant improvement when integrated with
the Bayesian network model. This is likely due to the limited amount of data, which caused

overfitting and resulted in weak performance in the Bayesian model.

Method | Dimensionality Reduction | Silhouette Score
LDA Autoencoder 0.886
BERTopic | None 0.948
BERTopic | Autoencoder 0.967
BERTopic | PCA 0.972

Table 3.5: Silhouette Scores for Different Methods and Dimensionality Reduction Techniques
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Given the significantly higher silhouette scores obtained from BERTopic when utilizing au-
toencoder and PCA for dimensionality reduction, our preference leans towards autoencoder

in our approach for the following reasons:

e Autoencoders have the capability to learn intricate non-linear relationships within data,
thereby potentially enhancing their effectiveness in capturing complex patterns present

in text embeddings.

e Autoencoders can learn hierarchical representations of data, which may facilitate the

extraction of more meaningful features essential for clustering tasks, compared to PCA.

e While PCA has a slightly higher silhouette score, the difference is not significant (1%
difference). In practice, this small difference might not lead to a noticeable change in

clustering quality.

e PCA primarily aims to maximize variance and may overlook critical features necessary
for clustering, particularly when the underlying data exhibits non-linear structures that

are better handled by autoencoders.

3.6 Conclusion

In this chapter, we conducted an experimental study using various tools and techniques for
predictive maintenance. We utilized Google Colab, Python, and SQL for computational tasks
and explored multiple text clustering techniques, including TF-IDF, CNN, LDA, SBERT, and

BERTopic, with and without dimensionality reduction methods.

Furthermore, we developed and evaluated a Bayesian Network model and applied a HMM for
predictive maintenance. Our comparative analysis and discussion highlighted the strengths
and limitations of some approaches, providing insights into their applicability in real-world

predictive maintenance scenarios.

Overall, this chapter demonstrated the effectiveness of various text clustering and probabilistic
modeling techniques in predictive maintenance. The results underscore the importance of
choosing the right methodology based on the specific requirements and constraints of the

maintenance task at hand.

In the next chapter, we will present the general conclusion of the thesis by discussing our

contribution in the problem of predictive maintenance and the future perspective.
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General Conclusion

In the face of an increasingly competitive industrial landscape, the pursuit of operational
excellence through effective maintenance management has become paramount. This thesis has
demonstrated the significant potential of leveraging Industry 4.0 advancements, particularly
the integration of data acquisition and analytics, to transform maintenance strategies from
reactive to predictive. The crux of this transformation lies in the deployment of Business
Intelligence (BI) systems, which convert raw data into actionable insights, thereby facilitating

informed decision-making and strategic planning.

The core methodology adopted in this research involved advanced data preprocessing,
clustering, and predictive modeling techniques. By refining textual descriptions of main-
tenance interventions and employing a sophisticated clustering approach, we were able to
uncover critical insights into equipment degradation patterns. This process was enhanced by
the use of BERTopic, an autoencoder, and K-means clustering, which collectively enabled the
creation of dense textual embeddings, dimensionality reduction, and accurate clustering of

intervention descriptions.

The development of a Bayesian network-based predictive model marked a significant mile-
stone in our research. By incorporating the clusters derived from our preprocessing techniques,
the model proficiently forecasted future degradation states and maintenance requirements,
thereby enabling proactive maintenance scheduling. This not only enhances operational reli-

ability but also optimizes resource allocation and minimizes downtime.

However, this study is not without its limitations. One significant challenge encountered
was the small amount of data available, which led to overfitting in the clustering method.
Additionally, while the use of an autoencoder improved the Bayesian model’s score, it also
resulted in slightly imbalanced clusters. When the autoencoder was not used, the clusters

were balanced, but the model still suffered from overfitting due to the limited training data.
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Conclusion

Looking forward, several recommendations can be made for future research. Enhancing data
quality and increasing the volume of data used for training the models will likely mitigate the

overfitting issue and lead to more robust and generalizable results.

In conclusion, this dissertation has illustrated the transformative impact of predictive
maintenance powered by advanced data analytics and machine learning. The integration of
these technologies into maintenance management practices can significantly reduce the ineffi-
ciencies and high costs associated with traditional maintenance approaches. By anticipating
and mitigating potential failures, industries can ensure timely and precise maintenance actions,
thereby maximizing equipment uptime, production efficiency, and overall profitability. This
research not only contributes to the academic discourse on predictive maintenance but also
provides a practical framework for industries aiming to enhance their operational excellence

in the era of Industry 4.0.
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