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ABSTRACT

In recent years, machine learning (ML) algorithms have been used to
minimize maintenance costs and identify problems early in the auto-
motive sector. The breakdown of a component or equipment impacts
the performance and cost, and hence it is considered a crucial step
in various domains. To fulfill this purpose, different approaches can
be considered to improve the application in real-world problems. The
determination of an asset’s residual useful life of a component at a
specific time is known as "remaining useful life" (RUL). The exten-
sive evolution of data makes it challenging to analyze and interpret
high-level and valuable features from the data. The issue arises in
all disciplines, and the automotive industry is no exception, given
the large number of sensors to consider. Existing RUL research has
not given much thought to the influence of high dimensionality data
on component maintenance and deterioration. The fundamental pur-
pose of feature selection (FS) is to select a subset of features from the
data without compromising model performance. Lately, the trend of
research in feature selection has been based on bio-inspired methods.

This work proposes a hybrid approach to the FS problem that com-
bines Ant Colony Optimization (ACO) and Particle Swarm Optimiza-
tion (PSO). When tested on public datasets, our results demonstrate a
rise in regression accuracy and a reduction in the number of selected
features. ACO-PSO applies advantage from ACO to handle directly
with nominal attributes and uses advantage from PSO to handle con-
tinuous features, utilizing the "the best of both worlds" in a single
algorithm. This approach is combined with the random forest classi-
tier for choosing the relevant and appropriate features. To gain better
results from the algorithm, the performance of these approaches is
compared and the feature set with the best accuracy has been used
for regression tasks. The results are evaluated in 5 public domain
datasets as well, and results show an increase in accuracy for the re-
gression and the reduction of selected features number.

Index Terms : Remaining Useful Life, Feature Selection, Ant colony
optimization, particle swarm optimization, large datasets.
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Part I

INTRODUCTION

This chapter provides an overview of machine learning
and discusses its application to the automotive industry’s
different conditioning and maintenance challenges.
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INTRODUCTION

The world is growing significantly faster, and Data Science is being
employed in intelligent computers to flying cars. The automotive in-
dustry is no exception, and the domain is expanding every day from
super-range vehicles to self-autonomous vehicles. Increased software
and component systems provide several development and uptime is-
sues as the sophistication of modern automobiles rises. The health
management of a component is a prerequisite to determining the
sustainable development of enterprises and improves production effi-
ciency [2]. Multiple domains, including the automobile industry, are
advancing due to the numerous sensors in automobiles. With the
fast progress in sensor technology, [3], machine learning (ML) algo-
rithms, data mining, prognostics, and health management [4] have
become the central management fields for complex equipment sys-
tems, which has gained the attention of many scholars [2].

In terms of data processing, sensor networks have emerged as a
new research field in the automotive industry. They are mainly from
the data analysis perspective since the sensor data is collected from
various wireless sensors with unique characteristics. The data col-
lected from the sensors and actuators can be of any type, such as
video, binary, discrete, continuous, etc. The typical car has between
60 and 100 sensors, but as cars get more sophisticated, that number
may rise to hundreds [5]. These sensors are used to examine and
gather information about the physical characteristics of the cars, such
as temperature, oil pressure, warnings, strain, etc. These data from
the measurements are used as readouts for reasoning and mainte-
nance purposes. As a result, sensors enable administrators and users
to detect and analyze problems such as electrical component failures,
poor engine performance, fuel injectors, oil pressure, air leaks, crank
failure, broken components, and many other concerns, as mentioned
by [3]. This data is critical as it can be used further to interpret any po-
tential issues about future quality issues. The main drawback of stor-
ing the data from hundreds of sensors is its size, which ranges from
gigabytes to terabytes. The data is represented by a large dimension
for predicting vehicle faults, warranties, decision-making, and quality
improvements. As a result, managing high dimensionality and iden-
tifying irrelevant data is challenging.

Predictive maintenance (PM) is a large domain in predictive and
health management (PHM) and is proposed to monitor equipment
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INTRODUCTION

conditions to determine maintenance strategies [4]. PHM has gained
attention due to its reliability, timely maintenance, efficiency, and
safety [6]. Prognostics can be divided into five kinds: classification
models, life expectancy models, knowledge-based models, artificial
neural networks, and physical models [7]. Predictive technologies are
essential in condition-based maintenance for various aerospace, auto-
motive, heavy industry, and power generation applications. Improv-
ing the operation’s quality and reducing operating costs are critical
in many enterprises. The need to perform predictive maintenance
on the vehicles results in reducing downtime, costs, and unplanned
stops, as well as improving the performance of a component. Un-
planned component failure or prolonged downtime could negatively
impact a company’s main operation in large sectors, especially in to-
day’s competitive market, and might adversely affect the company’s
reputation. Researchers have specified predictive maintenance (PM)
problems from multiple conditions, out of which the essential is: 1.re-
maining useful life estimation, which means identifying the residual
useful life on an asset at a particular time [8]; 2. failure prediction,
whose purpose is to predict the probability of a failure or breakdown
of a component (or components) within a specific period [9].

While calculating the degradation from normal operating condi-
tions, ML algorithms determine the future performance of the compo-
nent to make RUL estimates. Assume we can predict when an engine
or a system’s components will fail or break down. In that case, it is
easier to make maintenance decisions before breakdowns, reducing
maintenance costs and disasters [10]. The breakdown of a component
or a system impacts its performance and cost and, therefore, is consid-
ered a crucial process in various domains. Conventional algorithms
such as physical-based breakdowns are applied to damage propaga-
tion, and it can be challenging to build a physical model for a specific
system [11]. In such circumstances, data-driven approaches are em-
ployed to predict the RUL of a failed component or system when
run-to-failure data is available. Estimating RUL presents several chal-
lenges. First and foremost, collecting failure data and labeling the fail-
ures in the dataset is critical. Second, vast amounts of data are gener-
ated, which might take a long time to analyze and require specialized
knowledge. Due to the quick advancements in condition and health
monitoring systems, studies on accurately determining the RUL have
acquired importance. Typically, the focus of research for RUL calcula-
tion has been on tuning the models to achieve better results [2]. It is
essential that, before high-dimensional data can be processed, any in-
complete, unsuitable, or abnormal data be identified and modified or
removed. We’ve also seen that high-dimensional data produces poor
results compared to other regression models. In short, when it comes
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INTRODUCTION

to using PM, the quality of the data is essential.

Feature Selection is the universally used ML technique to address
complex tasks by analyzing only the most relevant information al-
ready present in the database [12]. The selection of useful features
and the reduction of redundant features are considered critical issues
in ML that have recently gained wide attention. This inspires the re-
search on feature selection: is one of the ways to reduce the dimen-
sionality of the data and select a subset of features that are sufficient
and useful to describe the target concept [13]. Feature selection (FS)
is an extensive and immense chapter in pattern recognition and ML
that has inspired researchers to date. FS is considered an enormous
domain where advanced techniques and algorithms are employed to
determine solutions for big data and high-dimension problems and
tasks. A recent study on Web-of-Science acknowledges that FS is a
prominent research field, with more than 25000 publications in the
past ten years [14]. Using the feature learning process is important
because real-world data can have irrelevant, redundant, or noisy fea-
tures that can hurt the performance of the model being used. A useful
feature in the data can also be redundant if it relies on other relevant
features. By keeping some of the original attributes, FS preserves the
intrinsic characters of the original features by reducing the cost of
feature measurement and dimensionality and providing better read-
ability and interpretability to the model [15]. In general, FS plays an
important role in avoiding overfitting, improving data visualization,
reducing computational costs and storage, and improving the accu-
racy of the algorithms [16].

Several dimension reduction approaches have been created for de-
termining feature subsets based on evaluation criteria and definite
searches. Different classification schemes for FS approaches have been
developed by Liu et al [17], which include comprehensive sequential
and random search strategies , evaluation criterion’s, and classifica-
tion, regression, or clustering as data mining tasks. Presently promi-
nent approaches to FS in artificial intelligence (AI) involve traditional
statistical methods, traditional symbolic Al, and computational in-
telligence (CI) [18]. CI is a cluster of nature- or bio-inspired com-
putational approaches focusing on complex real-world problems for
which traditional methods are often ineffective. The CI field encom-
passes artificial neural networks (ANN), evolutionary computation
(EC), and fuzzy logic. Bio-inspired algorithms such as social insects,
cuckoo search, bird flocking, and ant colonies have been a focus of the
FS process since 1990 [19]. FS is treated as an optimization problem
with many competing criteria, like reducing the selected features or
improving the percentage of correctly classified training samples [20].
Most of the existing FS algorithms suffer from stagnation problems
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INTRODUCTION

in local optimization. [21].

Swarm intelligence (SI) is an extension of EC, and an ordinary SI
system consists of a population of basic agents or birds communi-
cating locally with one another and their surroundings [22]. Particle
swarm (PSO) and Ant colony (ACO) are both SI-based techniques for
optimization [23]. There is no established structure describing the be-
havior of the individual agents in a SI system; instead, the agents just
follow simple rules.In order to solve these issues, ACO, PSO, and ge-
netic algorithms (GA) stochastically randomize the search space and
use historical data to assess the driving space, which yields a global
optimum taking adequate parameter tuning into account. The coop-
erative behavior of agents is what makes PSO and ACO efficient [24].
Every algorithm has its benefits and drawbacks and is appropriate for
specific optimization problems. ACO is the ideal model used for dis-
covering classification rules involving nominal attributes [21] and is
treated as state-of-the-art for many combinatorial optimization prob-
lems [25]. Additionally, ACO deals with insignificant features rather
than converting them into a binary optimization problem. Compared
to other combinatorial optimization algorithms like Binary PSO, this
decreases the algorithm’s complexity and frees the user from the dif-
ficulties involved in the conversion process [26]. Each optimization
algorithm is helpful if it converges to the global minimum in fewer
iterations. ACO is a probabilistic method based on the behavior of
the ants to find the shortest path to their food. Ants are not so re-
sourceful but are influenced to find the fastest route by following
the paths laid by their fellow ants. An optimum path is established
on which the maximum number of ants can travel. PSO is based on
how a set of birds adapts their approaches to finding food, and the
algorithm works in iterations, finding the local minima in the group
(pbest) and the global minimal (gbest) secured so far [27]. Instead
of using a single approach to find the relevant subset of features
in the data, hybrid methods combine different strategies to get the
best possible feature subset. Using this approach, they take advantage
of other FS methods and reduce their disadvantages. This results in
higher performance and accuracy; models can be more flexible and
robust against high-dimensional data. The main task in developing
hybrid FS depends on what algorithms we choose to combine. Filter-
wrapper, wrapper-embedded, or wrapper-wrapper combinations can
be developed based on the data and problem to be solved. In our
study, we mainly focused on the hybridization of bio-inspired meth-
ods for FS using ACO-PSO. ACO-PSO applies the advantages of ACO
to handle nominal attributes directly and uses the benefits of PSO to
handle continuous features, utilizing the "the best of both worlds" in
a single algorithm.
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INTRODUCTION

The remainder of the study is as follows: Section 2 Problem Defi-
nition, followed by detailed information on the methods used, is dis-
cussed in Section 3. Section 4 provides studies conducted on RUL, the
hybrid FS method, and formulation across various application fields.
The data used is defined in Section 5. The data preparation process,
the hybrid method used in this work, as well as the steps involved in
computing RUL, are discussed in Section 6. In Section 7 the results
obtained are discussed and compared to those obtained when the al-
gorithms are used individually. Finally, Section 8 brings the paper to
a Conclusion.
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Part II

PROBLEM DEFINITION

The thesis’s problem statement is covered in this chapter.
What problems did we find, what solutions were available,
and what challenges did we face when putting our answer
into action. This section also covers our agile workflow
because it is hard to prepare everything in advance and
how we respond to problems as they arise.
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PROBLEM DEFINITION

2.1 PROBLEM FORMULATION

During the course of normal operation, a vehicle will collect or log
a massive amount of information from its various sensors and actu-
ators. However, the extensive dimensional data remains a significant
concern because it requires a lot of storage space and has an impact
on the operation. Predictive maintenance and other types of mainte-
nance are becoming increasingly popular and regarded as critical in
the automotive industry as the emphasis shifts from product-based to
service-based operation. Many studies have been carried out in order
to predict the RUL of a particular piece of equipment or component.
This research looks into feature selection in order to reduce the num-
ber of input variables and produce only functional attributes from
high-dimensional data used for prediction or other machine learning
tasks. In a recent survey of over 3000 business executives, it was found
that one in five executives observed data quality as a main issue in
adopting better robust data analytic-based strategies [28]. In the poem
Rime of the Ancient Mariner, the author Samuel Taylor Coleridge says
"Water, water everywhere nor any drop to drink." Data includes the
same degree of uselessness for usage, if it is of poor quality. The de-
gree to which the data can be consumed is largely dependent on their
quality . Poor quality data can have a impact on business decisions
and have been shown to promote a number of tangible and intangible
losses for business [29]. As the objective of our work was to improve
the RUL results, we adopted the hybrid FS strategy to optimize the
results of the existing models by concentrating more on data quality
enhancements.

2.1.1 Motivation

The primary motivation for predictive maintenance is the possibility
of reducing breakdowns, increasing uptime, and avoiding unplanned
roadside stops. Vehicle breakdowns can be costly and dangerous, es-
pecially in the automotive industry. These failures can be avoided
with some maintenance strategies or by analyzing the components’
state of health. Predictive maintenance reduces expenses and can be
used to diagnose the failure of a component or an anomaly prior to
the actual breakdown. According to the International Transport Fo-
rum’s annual road safety report for Sweden from 2019, there was a
significant increase in road accidents, with heavy-duty vehicles ac-

11
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PROBLEM DEFINITION

counting for 30% of casualties [30]. Implementing predictive main-
tenance solutions may result in fewer breakdowns and other catas-
trophic problems that may have been avoided in the first place.

Predictive maintenance presents a number of challenges. The data
collection and transmission of the data that has been collected is an
expensive challenge. This is the primary obstacle. Large-dimension
data takes up terabytes of storage space and also needs an efficient
processing tool to work with it. It is also widely accepted that tradi-
tional data processing software tools are no longer capable or efficient
for big data applications. However, the logged data from vehicle is
critical and required in a variety of situations, including scheduled
maintenance, health management, surveillance monitoring, inspec-
tion and failure diagnostics, and run-to-failure maintenance [10]. RUL
is an essential property of any equipment or component, as predict-
ing their state of health improves cost-effectiveness, facilitates replace-
ment, reduces downtime, and increases production efficiency. These
challenges of large dimension data are also encountered with Volvo
Logged Vehicle data and Warranty Claim data. Data is gathered from
various sources, some of which may be interdependent. The feature
representation and feature extraction methods are used to assess a
system’s effectiveness. FS can be described as an optimization issue
with conflicting goals, such as reducing the number of selected fea-
tures or raising the proportion of correctly classified training samples
[20].

In general, compared to pure wrapper or filter methods, hybrid
algorithms can achieve better accuracy than filter methods and also
decreases the computational time and complexity. Hence, the utility
of the hybrid method is maximized if a new feature selection frame-
work exists to guide the hybrid process, rather than simply permuta-
tion and combination between different algorithms. Recently, swarm-
intelligence techniques have gained wide attention for solving real-
life optimization problems in different domains of engineering. Based
on our research on bio-inspired hybrid strategies, we have observed a
lack of hybrid ACO-PSO-based approaches for feature selection. Even
when one technique is usually stuck with an incomplete solution, hy-
brid methods are good at finding reasonable solutions [31]. From the
paper, [21], ant colony optimization is used for feature selection and
yields a good result but has certain limitations and doesn’t work for
continuous attributes due to a few computational issues. The method
is also based on arbitrary decisions and can be challenging to im-
plement. The calculation behind PSO algorithm is simple. Compared
with other swarm intelligence based algorithms, PSO occupies bigger
optimization ability and can be completed easily. By combining mul-
tiple selected feature subsets from various methods, the results can
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2.2 SOFTWARE DEVELOPMENT METHOD

be more robust and reliable.

2.1.2  Challenges

The difficulties we encountered when attempting to improve the data
quality were selecting algorithms for feature selection. The data prepa-
ration was complex because we were merging different data sources
to calculate the RUL. Second, we need to identify a general-purpose
method applicable to every permutation of the attributes. The advan-
tages of the ACO and the PSO were combined in a hybrid form, and
the results were compared to those obtained by using each approach
alone. The goal is to improve model performance while simultane-
ously decreasing the number of features.

2.2 SOFTWARE DEVELOPMENT METHOD

This thesis uses an agile development process since it is very flexi-
ble, iterative, and easily adaptive to the project’s requirements. This
methodology allows us to divide the project into sub-goals and mod-
ify them iteratively based on the needs of the project.
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Part III

BACKGROUND

This chapter provides a thorough explanation of feature
selection and its various forms. It also outlines the signif-
icance of failure prediction and why it might be the next
big thing for businesses. The hybrid algorithms we em-
ployed in our work are also explained in this chapter.
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BACKGROUND

3.1 MAINTENANCE PLANNING

The engine, crankshafts, turbocharger, brakes, and gearbox are only
a few examples of the numerous subsystems that make up a vehicle,
which is a huge mechatronic system. Actuators, sensors, and other
electromechanical parts that need to be tracked and managed make
up a typical subsystem. Numerous maintenance techniques may be
used on an equipment or vehicle. Different systems and components
can be maintained based on their configuration. Both preventative
(sensors, brake pads, tires, injector fluids) and corrective (air compres-
sors, turbochargers, exhaust systems) techniques are commonly used
to assist a vehicle [32]. It is crucial in the automotive, manufactur-
ing, and service industries because it has the capacity to foresee fail-
ure and reduce downtime. It is also used to improve the dependabil-
ity, safety, availability, and quality of the products. The main goal of
maintenance is to "provide dependable physical assets and superior
customer service by reducing and eventually eliminating the need for
maintenance services," according to [33]. The three primary types of
maintenance are corrective, preventive, and predictive.

1. Corrective maintenance is performed after a failure has devel-
oped and usually causes downtime. This method generally in-
volves identifying and rectifying the loss to restore the com-
ponents [8]. A vehicle or an engineering component consists
of thousands of parts and failure modes, and its failure mech-
anism is complex. The breakdown of an element or system
might cause the failure of any components. In practice, correc-
tive maintenance (CM) is inefficient and considered expensive
since failure results in tragic events, and it also does not focus
on the root cause of the failure.

2. Preventive Maintenance is to anticipate future breakdowns through
routine upkeep. The purpose of preventive maintenance is to
keep parts in good condition, however it does not consider the
status of a component or process [34]. In preventive mainte-
nance management, repairs or machine rebuilds are scheduled
based on mean-to-time Failure statistics. In practice, preventive
maintenance occurs at regular intervals and is easy to imple-
ment.

17
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3. Predictive Maintenance In contrast to preventive maintenance,
which focuses on best practices and historical data, predictive
maintenance gathers measurements of machine operations in
real-time and uses this information to raise the alarm when
warning signs of a problem are detected [34]. By recognizing the
failure at an early stage, predictive maintenance focuses primar-
ily on anticipating the breakdown of the system, which requires
further care or replacement of the parts [35].

3.1.1 Remaining Useful Life

In general, "remaining useful life" (RUL) is the remaining time for a
component that works as expected before failure. As shown in 1. The
entire health status can be divided into four stages: healthy, cautious,
repair, and failure. Health Index (HI) values range from o to 1, with
1 indicating the healthiest state. In addition, the limits of HI are not
predetermined; rather, they are variable and are determined by the
actual conditions of the particular component [36]. There is a great
need in the industry for estimating the RUL to manage the life cycles
of machines and reduce maintenance costs. RUL estimation is one of
the main aspects in condition based maintenance (CBM) and in prog-
nostics and health management [37]. Calculating a component’s RUL
while it is in use is crucial because it affects how maintenance activ-
ities, workshop activities, spare parts, and operational performance
are planned [38]. It helps to manage and schedule the time of the
workshops better to reduce the waiting time for the repair process.
These models usually consider configuration, usage, and historical
run-to-failure data and apply them to maintenance decision-making.

i
"
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Time ty t

Figure 1: RUL estimarion, taken from [36]

[ December 23, 2024 at 10:17 — classicthesis version 4.0 ]



3.1 MAINTENANCE PLANNING

There are numerous prognostic prediction approaches and strategies
used to determine the RUL of the components.

3.1.1.1  Types of RUL Prediction Methodologies

1. Model-Based This method is founded on statistical and Compu-
tational Intelligence (CI) methodologies. These models are gen-
erated from life expectancy, configuration, failure history, and
usage. RUL is estimated using a model-based technique, which
informs maintenance decisions based on failure thresholds [36].

2. Analytical-Based To estimate any damage in a particular fail-
ure mechanism, this method combines experimentation, obser-
vation, geometry, and condition monitoring of the data. Failure
events including corrosion, wear and tear, and fatigue cracks
are based on mathematical equations that are utilized to esti-
mate RUL [39]. It considers what we know about how the part
works physically and uses that information to make experimen-
tal equations.

3. Knowledge-Based This method is a combination of CI and ex-
perience. Typically the failure is identified using analysis of the
data and feedback gathered by failure modes, effects and usage
[39]. The principle of experience feedback consists in improving
system knowledge through assessment, acquirement, interpre-
tation, and input collected with regard to the system’s opera-
tion in its environment [40].

4. Hybrid-Based A hybrid model is a blend of technique and
methodology. The accuracy of RUL estimation is enhanced by
the hybrid model’s use of many methodologies or procedures.
The model employs parametric and non-parametric data to es-
timate RUL and enhance prediction [39].

Because prognostics is concerned with predicting the future behav-
ior of systems/equipment, there are numerous variables of uncer-
tainty that impacts such predictive measures, making it difficult to
obtain an accurate estimate of the RUL [41]. Generally, there are two
ways to figure out how much uncertainty there is in RUL: Predictions
can be made in online or offline. Online predictions are based on how
well the engineering system is working while it is being used, and of-
fline predictions are based on how well the engineering system was
tested before and after it was used [41].
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3.2 FEATURE SELECTION

FS is also referred as variable selection, and it differs from dimension
reduction techniques and serves the same purpose of reducing the
feature in dataset, but there is a contrast in their approaching meth-
ods. Dimension reduction lessens the number of features by creating
new features as combination of existing ones. Dimension reduction
can be mainly split into two categories: Feature selection and extrac-
tion. Feature extraction transforms the original high-dimensional fea-
tures to a new feature space with low dimensionality [15] and FS
chooses a selection of pertinent features for model development di-
rectly. While in feature subset selection a subset of the original fea-
tures is extracted, dimensionality reduction creates linear combina-
tions of the original feature set. The figure 2 describes the methods of
dimension reduction. FS plays an important role in predictive analyt-
ics, that reduces the dimensionality without eliminating appropriate
features by determining the significant features in the data. Apply-
ing FS as a data- preprocessing method reduces overfitting, enables
the algorithms to train faster and also increases the accuracy of the
model. According to [42], the primary objective of FS is to improve
the prediction performance of the model, to increase understanding
of the underlying process that created the data, and to provide cost-
effective predictors. The main difference between the FS and feature
extraction is that the FS maintains a subset of the original features
while feature extraction yield brand news ones.It is considered to be
advantageous as it improves the computation speed and prediction
accuracy. Yet, identification of appropriate features from thousands
of relevant features is a nontrivial task. The optimal FS for a prob-
lem is also treated as a challenging work. It should be noted that the
performance of an FS can be influenced by outliers and noise in the
dataset. Data may not be properly distributed, and outliers or noise
are common, therefore the traditional feature selection strategy may
perform well on clean data but fail in noisy data sets [43]. Hence it
is critical to choose method based on data distribution and machine
learning tasks. The main reasons to perform FS according to [15] are:

* The models are simplified to make them easier to interpret.

¢ Reducing the number of variables, increases the model training
speed and lessens the computational cost.

¢ Eliminating the irrelevant noisy features, can improve the gen-
eralization of the models.

* Highly correlated features in a dataset provides the exact in-
formation and getting rid of these features by having only one
feature, makes them less redundant .
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Figure 2: Feature selection methods , taken from [44]

[15] describes the 3 characteristics of FS algorithms : Search organi-
zation, generation of successors and evaluation measure. A search
algorithm is in-charge of driving the FS method by implying a search
strategy. In the generation of successors step features are added or
removed either backward or forward from the subset chosen by an
algorithm. A stopping criterion and cost factor decides this step but
main disadvantage is that it is not possible to have in consideration
basic interactions among features.

It is essential to find the suitable FS algorithm, as most of the so-
lutions in search strategies lie between the sub-optimal and near op-
timal regions, where local search strategy is carried throughout the
process [31]. Further the certain FS methods suffers computational
complexity as the search algorithm uses a partial search over the fea-
ture space. Hence, many researches have started to employ global
search algorithms for their FS [25]. The influence of global search is
that they can find a solution in the full search space which leads to
increase the ability of finding the quality solutions in lesser amount
of time [31].

3.2.1  Types of Feature Selection

FS can be categorized into three sections based on the availability of
label information i.e, Supervised methods, semi-supervised methods
and unsupervised methods. Supervised FS is frequently applied to
solve for classification or regression problems. With the supervision
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information, feature relevance is evaluated by assessing its correla-
tion with the class labels. The training phase is highly dependent
on the selected features. After classifying the data into training and
testing sets, classification or regression models are trained based on
the subset of features chosen by the supervised FS. However, the FS
phase can be independent of the learning algorithms, [15] or "may
take advantage of the learning performance of a classifier or regres-
sion model to assess the quality of selected features so far, or make
use of the intrinsic structure of a learning algorithm to embed FS into
the underlying model".

FS includes of four steps which are subset generation, subset eval-
uation, stopping criterion and result validation [45]. In the first step,
the new candidate of feature subsets is chosen using search strategy.
Later, the candidate feature subsets are assessed and compared with
the previous feature subsets which are dependent on evaluation crite-
rion. If the latter-produced subset is better then the previous, feature
subsets will be replaced and this process continues until stopping cri-
terion is satisfied. Finally, validation needs to be done on real data to
validate the best selected feature subsets. Figure 3 explains the steps
involved in the FS process.

Orniginal Subset Subset Subset
Set Generation Evaluation

Goodness
of subset

Result
Validation

Figure 3: Essential steps of FS process, taken from [17]

Following the FS process, the second step involves the subset eval-
uation for FS algorithm which is classified into four approaches:

1. Filter methods.
2. Wrapper methods.
3. Embedded methods.

4. Hybrid methods.

3.2.1.1 Filter Method

This method is independent of learning algorithms. Different ranking
approaches are used as the main criteria in filter methods FS. Ranks
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are assigned to each feature based on intrinsic and statistical proper-
ties and based on a threshold value, the feature can be selected. This
method selects features depending on their internal characteristics
and does not use classifiers to select the features, hence it is faster,
simple and are efficient than rest of the methods. The filter based FS
can be classified into univariate and multivariant methods. In univari-
ate technique, the relevance of a attribute is determined individually
by an evaluation criterion. Information gain, Gini Index, gain ratio
are some of the examples for this technique. While in the multivari-
ate methods, the dependencies between features will be considered in
the evaluation of relevance of the attributes. Hence, the multivariate
methods are computationally more expensive and gives better perfor-
mance than univariate methods [46]. Minimal redundancy maximal
relevance, random subspace method are some of the examples of mul-
tivariate technique.

3.2.1.2  Wrapper Method

Features are chosen by employing machine learning algorithms by
their classification accuracy and error rate. The main purpose of wrap-
per methods is to reduce the classification error and improves the clas-
sification performance. The wrapper method is generally preferred
to filter methods due to selection of features which are dependent
on the learning algorithm. The classifier performance and the com-
putation time varies between the classifiers. Based on search strategy,
wrapper approaches can be grouped into two categories: sequential
search and random search. Sequential search approaches sequentially
add or remove features, but they can be trapped in local optimum.
Examples are sequential forward selection sequential backward selec-
tion and the floating search method. In the random search techniques
uses random search procedure to escape the local optimum solutions.
ACO, GA, PSO are some of the examples for wrapper method. This
approach provides better performance for a specific classifier in terms
of accuracy but has less generalization on the selected attributes on
the other classifiers[46].

3.2.1.3 Embedded Method

In the embedded approach can be determined as part of the model
construction process, which means that the search for a good subset
of features has been performed by a learning algorithm [46]. Support
vector machine(SVM), decision trees and naive bayes comes under
this category. Selected features are represented as nodes and class la-
bels are represented as leaves. The position of a feature in decision
tree determines the importance of the feature. The tree will be col-
lected using a collection of patterns and then the features which are
involved in classification are selected as a final feature subset[47]. In
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their book, the authors have mentioned that [44], embedded methods
are convenient to select the features with less computational cost and
also avoids overfitting.

3.2.1.4 Hybrid Method

Instead of using a single approach to find the relevant subset of fea-
tures in the data, hybrid methods combine different approaches to
get the best possible feature subset. The advantage of using this ap-
proach is that they take the best advantage from other FS methods
and reduce their disadvantages. This results in higher performance
and accuracy, models can be more flexible and robust against high di-
mensional data. The main task in developing hybrid FS depends on
what algorithms we choose to combine. Filter-wrapper, wrapper- em-
bedded or wrapper-wrapper combinations can be developed based
on the data and problem to solve.

3.2.2  Ant Colony Optimization

Among several techniques which are developed for FS, population-
based optimization algorithms like Genetic algorithm (GA) and ACO
are gaining wide attention for solving real-life optimization problems
in various domains of engineering. By applying the lessons learned
from earlier rounds, these techniques aim to produce better outcomes

[48].

In this section, we briefly discuss about the ACO algorithm. ACO
was presented by Dorigo et. al [25] in 1996 for solving the hard com-
binatorial optimization problems and is based on real-life ant forag-
ing behavior. Generally in all social insects like ants and bees, each
insect performs its individual tasks and they are not dependent to
other members of the colony to perform the tasks.

When searching for food, ants initially explore the area surround-
ing their nest in a random manner. As soon as an ant finds a food
source, it evaluates the quantity and the quality of the food and car-
ries some of it back to the nest. During the return trip, the ant de-
posits a chemical pheromone trail on the ground. The quantity of
pheromone deposited, which may depend on the quantity and qual-
ity of the food, will guide other ants to the food source. As it has
been shown in [18], indirect communication between the ants via
pheromone trails enables them to find shortest paths between their
nest and food sources. This characteristic of real ant colonies is ex-
ploited in artificial ant colonies in order to solve CO problems.

While each ant performs a straightforward task, the collective ef-
forts of a whole colony can serve as models for resolving challenging
combinatorial optimization issues [46]. When seeking for food, ants
explore the surrounding area at random, and once they find a food
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source, they evaluate the quantity and quality of the food and bring
some of it back to the nest [25]. The ants deposits a chemical sub-
stance called as pheromone, on the ground and is used to communi-
cate with other ants. Pheromone evaporates overtime which results
in decreasing the intensity of the pheromone. The computational al-
gorithms replicate the pheromone resolved on their path from source
of food source to the nest and back. This process is used to explore
the new region in the search space, to decrease the probability exist-
ing when selecting longer search paths and to avoid being trapped
in local minimum. Ants usually prefer paths with more pheromone
(higher probability) and which indicates more ants pass on the path
in average. Usually, the ants that select the shorter paths to get the
food return to the nest faster than other ants hence, which indicates
that the shorter paths get a higher amount of pheromone than longer
paths. Many popular ACO-based FS algorithms have been proposed
in the literature. The heuristic information and overall performance
of the algorithm are estimated using hybrid techniques (filter and
wrapper).

ACO is mainly used to solve the discrete optimization problems
and yields better solution quality and less computational time when

compared with Genetic Algorithms(GA). The ACO algorithm is founded

on:

1. Each path followed by an ant is combined with a candidate
solution for a problem.

2. When an ant follows a path, the amount of pheromone accu-
mulated on that path is proportional to the quality of the corre-
sponding candidate solution for the given problem.

3. When an ant must choose between two or more paths, the path(s)
with a greater concentration of pheromone have a greater chance
of being chosen. Consequently, the ants eventually converge
over a small path.

Advantages and disadvantages of using ACO according to [13] are:

¢ ACO is a population-based approach - ACO starts the search
process using a population of ants and then a large part of the
search process will be immediately investigated by the ants.

* ACO can be implemented in a parallel way - due to the dis-
tributed problem solving nature of ACO and could greatly de-
crease the computation time.

® ACO can be considered as a multi-agent system- because of
the fact that the ants cooperate with each other by sharing their
knowledge through the chemical substance, pheromone and
this is used to overcome the problem efficiently.
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¢ ACO uses a distributed long term memory - the path taken by

the previous ants are stored and gives an clear insight about the
exchange of information between the ants.

can adapt to changes and has good global and local search ca-
pabilities - The stochastic component present in the ACO gives
an exploration of the search space and avoids being trapped in
the local minimum.

give rapid discovery of good solutions and probability distribu-
tion can change for each iteration.

Dorigo et. al [25] employed the first ACO method to solve the Trav-
elling Salesman Problem(TSP). Consecutively many researches were
conducted improvements were made resulting in other ACO algo-
rithms like Max-Min AS (MMAS)[20], Rank-based AS (ASrank) [49]
and Ant colony System [50]. The update of pheromone and manag-
ing the pheromone trails differs in these types of extensions and can
be seen in the 4

Algorithm Updating Updating formula
Ant System (AS) Deposit on all arcs Tt +1) = (1 = p)ogg;(e) + Aryp(e) 3
visited by all ants where Ar;(t) = EfL, Arfi(r) )]
Q e
- SV ETE(R
wd dcky= | To U GDETHO
0 if (L) eTe)
(5
Rank based Ant Ants sorted by 1= pryj+ AT+ AR (6)
System increasing tour length; L )2
T
{ASrank) deposit weighted b3 B if the ptbest
. where Atk = (7
according to the rank ant travels on edge (i,[)
of each ant 0 otherwise
atu if edge (i,))is part of
best _ st
and Ar = the best solution found
0 otherwise
(8)
Max—Min Ant Deposit anly either by 15 = (1= pl.zg; + Arfre (@
System the iteration best-ant, ]'_1. if the best ant used
(MMAS) or the best-so-far ant; Where Ar/f™ = M-edge W] in its tour
interval {Tyin. Tmax) 0 otherwise
(10)

Where: p is the evaporation rate, Q is a constant, L, is the tour length of the ™ bestant, Ly is the tour

length of the k'™ ant, Lpes is the length of the tour of the best ant, p ranking index, & number of elitist

ants.

Figure 4: Different extensions of ACO, taken from [20]
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3.2.3 Particle Swarm Optimization

n 1995, Eberhart and Kennedy came up with the idea of the PSO al-
gorithm [51]. This algorithm is inspired from the social behaviour of
bird flocking and fish schooling [52]. The system is initialized with
a collection of arbitrary solutions, and the search is conducted by
updating the generations. The particle determines their placements
based on their fitness level at each iteration, while the nearby parti-
cles reveal the history of their best positions to form the final answer
[53]. A PSO algorithm was employed in [53] to reduce total harmonic
distortions, losses and costs. The results shows that PSO yielded bet-
ter solution quality and less number of iterations compared to the
genetic algorithms. The advantages according to [13] are:

¢ The algorithm is easy to implement as it doesn’t require any
hyper-parameter tuning.

¢ Have few parameters to adjust.
* Robust, can be used to run parallel computation.
* does not overlap.

e PSO is a versatile optimization process that begins with ran-
domly positioned particles and iteratively adjusts their posi-
tions based on both individual and collective discoveries, ulti-
mately leading to the optimal solution.

PSO uses stochastic search techniques to mimic the evolutionary
tendencies of biological systems. The essential idea of PSO is that
knowledge is optimized through social interaction in a population
that thinks socially. A swarm particle represents each solution. Each
particle has a search space position that is defined by a vector as,

xt = xz,xiz, .y x? (1)

Where D denotes the search spaces dimensionality. Particles move
around in the search space, looking for the best solution. As a result,
each particle has a velocity and is defined as

vt = vi],viz,...,\)? (2)

In PSO, hundreds or even thousands of particles search for the best
solution while talking to the other particles in their groups. During
the movement, each particle changes its position and velocity based
on what its fellow particles have learned . The particle’s best previous
position is recorded as the personal best pbest, and the best position
obtained by the population thus far is referred to as the gbest. Each
particle p had two state vectors: position x¥ and velocity v¥ and these
are updated as :

WE =wvl ey (pk —xF) +czr2(p‘5—x]f)] (3)
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et =X + i) 4)

From the above equations, c; and c; are acceleration constants and
they are called as cognitive learning rate and social learning rate. 11
and r; depicts the random values and are distributed in [0,1] and w
denotes the initial weight. p¥) and pg) are the best particle position
and global best position of the swarms. PSO is originally designed
to solve real value problems and can also be used to solve discrete
problems. In 1997, Binary particle swarm optimization (BPSO) was
developed by [54] to solve combinational optimization problems. The
algorithm of PSO for finding the shortest path is defined as [24]:

* A swarm is initialized with N number of particles. Each particle
consists of random position and velocity constants.

¢ The paths of the particles are optimized after comparing them
with the pbest(local best solution)and gbest paths(global best
solution).

* If the path of the particle is shorter than its local best path(pbest),
then the path of the particle is updated as the new local best
path and following comparisons are made with global best path(gbest).

 Positions are velocities of particles are updated based on the
above equations.

* The above steps are repeated until the minimum required path
is obtained.

The figure 5 explains the general behaviour followed by the swarm
in Particle based swarm optimization.

Food

Figure 5: Behaviour followed by a swarm in PSO, taken from [27]
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Each particle updates its position and velocity during the move-
ment based on its neighbors” experiences. The particle’s best previous
position is recorded as the personal best pbest, and the best position
obtained by the population thus far is referred to as the gbest. PSO
intends to find the optimal solutions by changing the velocity and
position of each particle by the following equations:

vE =wvk ey (pF —xb) —i—czrz(pg—x]f) (5)
x]f = x]f +v]f (6)

Because ACO is a probability algorithm, its parameters are typi-
cally determined through experiments. As a result, the algorithm’s
success depends on individual experience, making optimization chal-
lenging [55]. PSO is a rapid technique to optimal solutions, allowing
for optimization of ACO parameters. The benefit of employing ACO
for rule-based learning is that it can aid in determining a good fuzzy
rule base for subsequent learning [19]. However, the search constraint
in a discrete-space domain reduces learning accuracy, and the ants
do not maximize the antecedent component parameters. After ACO
learning, PSO is used to further optimize both the antecedent and
consequent parameters, with initial particles in PSO generated based
on ACO learning outcomes.

3.3 ENSEMBLE LEARNING

To meet the requirement of a quick iteration model in RUL predic-
tion, we required a fast, distributed, and high-performance gradient
lifting approach based on a tree model. The most widely used ML
algorithms in data mining are tree-based approaches, which divide
the feature space into a number of disjoint areas and then fit a model
in each of them [56]. A great deal of focus has been placed on "en-
semble learning," and these algorithms generate numerous classifiers
and combine their results. Known techniques include boosting and
bagging. Boosting is a ML technique that can be applied to regres-
sion and classification issues. The boosting approaches create a weak
learner at each step and add it to the overall model. Gradient Boost-
ing Machines (GBM) are used when the weak learner for each step
is based on the gradient direction of the loss function [57]. In bag-
ging, succeeding trees do not rely on previous trees, implying that
each is built separately using a boot strap sample of the dataset.
Finally, a simple majority vote is used for prediction [58]. The tree-
based regression method has many benefits, including the ability to
handle any type of data (mixed, categorical, continuous), missing val-
ues, and outliers. They are primarily recognized for how effectively
they handle massive dimensional datasets. They belong to the class of
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greedy divide-and-conquer algorithms, which iteratively divide the
input sample into subsets.

In normal trees, each node in dataset is split using the best amongst
the variables. Random forests, which were introduced by Breiman et
al, [59] give an additional layer of randomization to bagging. In RF
at each node, instead of picking the best split from the predictors, it
chooses the best split from a random sample. This technique of RF
outperforms other classifiers such as neural networks, discriminant
analysis, and SVMs, and is generally resilient to overfitting.The num-
ber of variables in the random subset at each node and the number
of trees in the forest are the only two parameters in RF, and their val-
ues have no impact on how easily it may be implemented [58]. The
fundamental distinction between RF and GBM is that in RF, trees are
formed independently of one another, but in GBM, the algorithms
build a new tree to complement those that have already been built
[57]. These are some of the reasons why XGBoost outperforms other
tree boosting algorithms. They have:

¢ regularised loss function.

¢ Each new tree’s weight can be scaled down by 1, which lessens
the effect of a single tree on the final score.

¢ Column-sampling, which functions similarly to RF.

The XGBoost algorithm is defined as follows. Assume a dataset D is
defined as

D = (xi,yi) : i = 1...mye R™,yie R, then we will have n observations
and m features each with y as a corresponding variable.

Ui = d(xi) = ZK_ fie(xi) (7)

where, Ui is the result obtained by an ensemble with a generalised
model. fy is a regression tree and fy (x;) defines the score obtained
by the k-th tree to the i-th observation in the data. The regularized
objection function is used in function fx must be minimized and it’s
shown in

L(d) = Zil(yi, Ui) + ZiQ(fi) 8)

L is called as the loss function and Q is defined to avoid complexity
of the model and it is referred by:

1
Q(fy) =vyT + Exnwnz )

where v and A are the parameters used for reducing the penalty for
number of leaves T and leaf weights w respectively. The primary use
of Omega is to prevent overfitting and to simplify models gener-
ated by this approach. Iterative approaches are used to minimize the
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objective function and can be improved by Taylor expressions. The
Random forest and XGBoost is employed as regression models and
the conclusions suggest the XGBoost technique outperforms the RF
method.
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Part IV

RELATED STUDY

To assess heuristic data and overall performance, numer-
ous studies have used hybrid FS techniques (filter and
wrapper, wrapper and embedding). The investigations on
RUL, the hybrid FS approach, and formulation across a
range of application sectors are presented in this chapter.
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This section discusses prior research on feature selection, the growth
of bio-inspired algorithms, and the remaining useful life.

Over the last several decades, numerous studies have been con-
ducted to create solutions for the early detection of failures to avoid
quality difficulties [10]. Accurate component failure identification en-
ables manufacturers to handle required repairs and minimize end-
user downtime as preventive measures. Many studies have been done
to come up with different ways to find failures early and fix qual-
ity problems [10]. In this thesis, the two most important indicators
utilized to predict quality difficulties in these studies are lifetime
(age) and mileage. To estimate the RUL of any component, a doc-
umented history of operational circumstances, multiple sensor data,
and other assessment metrics can all be used [60]. The data-driven
method, which includes neural network-based methods, regression-
based methods, random filtering-based methods, and random process-
based methods, is commonly employed in RUL estimation due to
its flexibility [9]. However, model-based approaches are impractical
and time-consuming when the equipment is sophisticated. Standard
data-driven RUL estimation approaches do not scale well to massive
datasets or are not expressive enough to explain the high-dimensional
mapping from raw data to RUL values [11]. Theoretical and practi-
cal research shows that redundant and irrelevant characteristics slow
down and confuse learning algorithms; thus, they should be deleted
from the target features. [61]. De.Pater et al. [35] developed an ap-
proach for predicting aircraft maintenance planning for a multi-component
system using model-based remaining useful life methods. Their re-
sults show that their approach reduces maintenance costs and pro-
vides a better strategy for predictive maintenance. In addition, there
has been a significant amount of work on feature selection for the
selection of optimal features from the original subset, which are fun-
damental and sufficient for solving machine learning problems.

Most of the time, FS is used to reduce the number of dimensions
in the data or to pick out important features that match the target
class.But with a set number of training features, too many features
can slow down the learning process and make it easy to overfit [62].
FS methods are classified as "unsupervised" or "supervised". Many
data problems are unaware of the class attributes or don’t have class
labels; thus, most of the feature projection methods fall under the

35
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unsupervised group. Applying FS as a data preprocessing method re-
duces overfitting, enables the algorithms to train faster, and increases
the model’s accuracy. Finding the appropriate FS algorithm is criti-
cal because most solutions in search strategies lie between the sub-
optimal and near-optimal regions, where the local search strategy is
used throughout the process [31].

In several studies, hybrid FS approaches (filter and wrapper, wrap-
per and embedded) have been used to assess the performance and
heuristic information [63]. Kabir et al. [31] recommended a search
technique called ACOFS, that utilizes the benefits of both the filter
and the wrapper. An efficient and robust FS algorithm, including ge-
netic algorithms (GA) and immune clone algorithms (ICA), can elim-
inate noisy, irrelevant data and has been employed in the field for FS
problems. Swarm intelligence algorithms such as PSO and ACO have
received a lot of attention recently [64], and [63].

The ACO algorithm is a system based on agents that imitate the
natural behavior of ants, involving cooperative mechanisms, and was
published in 1996 by Dorigo et al. [25]. The researchers identified the
existence of a substance called pheromone left by the ants. The other
ants use the pheromone to get information about the path. As a result,
the shorter the path, the greater the trail density. Generally, in all so-
cial insects like ants and bees, each insect performs its own tasks and
does not depend on other colony members to perform them. On the
other hand, the tasks carried out by different insects become related
when we look at the system as a colony of ants instead of individual
ants. The ACO approach is mainly employed to solve combinatorial
optimization problems; Jensen and Shen used ACO to find optimal
feature subsets in a fuzzy-rough data dimension problem [65]. Al-Ani
et al. implied "updated selection measure" (USM) and local impor-
tance in their feature-based ACO, which is applied to segmentation
tasks [64]. The results obtained from this research yield a better so-
lution and require less computational time when compared with GA.
Research on FS using ACO is also employed in other domains such
as text segmentation, credit risk assessment, audit qualifications [66]
and protein function prediction in bioinformatics [22].

The PSO algorithm was proposed by Eberhart and Kennedy in 1995.
This algorithm was inspired by the social behavior of flocking birds
and schooling fish. Initially, the system is adjusted with arbitrary so-
lutions, and the search is carried out by updating the generations. At
each iteration, the particle determines its position in consideration of
its fitness level. In contrast, the neighboring particles display the his-
tory of their best positions to generate the final solution [53]. A PSO
algorithm was employed in [53] to reduce total harmonic distortions,

[ December 23, 2024 at 10:17 — classicthesis version 4.0 ]



RELATED STUDY

losses, and costs. Yang et al. [67] used a binary PSO in a GA as a
local optimizer for each generation of a subset in the FS issue. Shie
et al., [60] PSO-GA was used, and two algorithms were run concur-
rently. After a certain number of iterations, P individuals were chosen
from each system. The highest-ranking characteristics were consid-
ered elite and passed down to the next generation. The features were
then sent to GA, and the gbest positions were changed.

Sheikhan et al. [68] combined ACO and GA to determine the fore-
casting, and a multi-layer perceptron is used for hourly load predic-
tion. Yang et al. [67] added binary particle swarm optimization to a
genetic algorithm so that each generation of a subset in the FS prob-
lem could use it as a local optimizer. [52] shows that the comparisons
of numerical results with other hybrids of PSO and non-PSO meth-
ods show the scope of research in hybridizing swarm intelligence
methods to solve complex continuous optimization problems. Hence,
we are inspired by this research and use it as our feature selection
problem. They have used ACO as a local search and applied it as
the second layer of their method. The PSO generates the solution and
finds the optimal one with the help of the ACO. Juang et al. [19]
have implemented PSO-GA on the recurrent network design prob-
lem. The individuals in the new generation were created by mutation
and cross-over in GA and PSO. Shie et al. [60] have used PSO-GA, and
two algorithms were run simultaneously. After a predetermined num-
ber of iterations, P individuals were chosen from each system. In the
case of [69], the features were ranked during the generation process.
The highest-ranking features were considered elite and reintroduced
to the next generation. Followed by which the features are passed to
GA and the gbest positions are updated. In the energy domain, Ki-
ran et al. used an ACO-PSO hybrid FS [31]. The best solution was
assigned to the global best solution of the system by comparing the
best solutions obtained by ACO and PSO. PSO is used to find the op-
timum values of parameters that were involved in city selection, and
ACO is used to assess the importance of the inter-city pheromone and
distances. Shuang et al., [70] use the search mechanism of the PSO al-
gorithm in the ACO by combining local and global exploration of the
pheromone update.
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PartV

DATA REPRESENTATION

An enormous amount of sensor and actuator data are col-
lected during the active operation of an autonomous vehi-
cle. The datasets for warranty claims and logged vehicle
data, which were used to generate the RUL are presented
in this chapter.

[ December 23, 2024 at 10:17 — classicthesis version 4.0 ]



[ December 23, 2024 at 10:17 — classicthesis version 4.0 ]



DATA REPRESENTATION

Large-scale industries follow a defined process for assuring a prod-
uct’s quality, which stores enormous amounts of data in databases.
In this following part, we talk about the datasets that were used to
calculate RUL or any other forecasting method: Logged Vehicle Data
(LVD) and Warranty Claim (WC). These databases are used to ana-
lyze the behavior of the data, predict faults, and for other purposes.
The data is huge and noisy. LVD contains detailed information about
the sensors and vehicle usage collected. WC includes information on
the repair and claim statuses as they are recorded during the vehicle’s
endurance.

5.0.1 Logged Vehicle Data

The LVD used in this thesis was sourced from a Volvo internal database
and was routinely gathered throughout three years, from 2015 to 2017,
for more than 4300 heavy-duty trucks. The LVD contains information
about vehicle usage. The values are logged in each time a vehicle vis-
its the workshop in case of breakdown, change of faulty parts, or re-
pair, or can be collected using telematics. The database is often used
for numerous tasks during product development, diagnostics, and
the aftermarket. Breakdown of specific parts or sensors in the vehicle
can occur at definite times in a year but at irregular intervals, making
it challenging to predict prior [32]. In this dataset, two different types
of parameters were registered. The first kind defines categorized fea-
tures such as the layout of the vehicle, hardware requirements, types
of sensors utilized, gearbox information, truck component informa-
tion, engine and pump types, and gearbox information. The second
kind collects the usage of the vehicle during its operational time. The
LVD is accumulative, and the behavior can be observed for various
parameters such as rail maps, urea level, fuel consumption, emission
levels, crankshafts, and gears used.

5.0.2 Warranty Claim Data

The WC data consists of records of repairs and services of various
vehicles that were noted during its operation, obtained by original
equipment manufacturer (OEM)-authorized workshops from all over
the globe [10]. The claim information deciphers the vehicle’s defective
parts, which were replaced on a particular date. The system and com-
ponents are identified by using different levels of identification codes.

41
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For instance, a single-digit code can relate to all the features asso-
ciated with the electrical system in the truck, and a four-digit code
refers to a specific component such as a turbocharger, oil pump, etc.
This dataset describes various parameters such as vehicle ID, fault
codes, faulty components, and repair data.

5.0.3 Public Databases

To evaluate our work with the reference paper’s results [20], a pro-
posed hybrid ACPSO algorithm has been implemented on public
datasets. The large set of feature selection tasks or any machine learn-
ing tasks are evaluated on general classification databases, and they
are available in the UCI Machine Learning repository, [71]. Four datasets
are used for our evaluations: Spambase, Hepatitis, Liver, and German.

Table 1: Public datasets obtained from UCI Machine Learning repository

Database | Attributes Type of the attributes Samples
SpamBase 57 | Integer,Real 4601
Hepatities 19 | Categorical, Real, Integer 155
Liver 6 | Categorical, Real, Integer 345
German 24 | Categorical, Integer 1000
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Part VI

METHODOLOGY

This chapter discusses the stages involved in computing
RUL, data preparation, the pre-processing steps, and the
hybrid method employed in this work.
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METHODOLOGY

6.1 DATA PREPARATION

The LVD consists of raw information accumulated during the ve-
hicle’s lifespan. The LVD data was organized in two separate files,
which were combined into one dataset. The first file consists of cate-
gorized characteristics such as vehicle configuration, hardware spec-
ifications, various sensors used, gearbox information, truck compo-
nents, engine types, and pump types. The second file keeps track of
how the vehicle is used while in operation and is explained in Figure
6. The final LVD data comprises 160677 records from 4391 trucks with
712 features which consists of categorical and numerical features. The
readouts are taken every two weeks, with the first one taken at the
beginning of the month and the second on the 15th. The final readout
records began on January 1, 2016, and ended on September 1, 2018.
For clarity, the merged logged dataset is referred to as "raw LVD data".

LOGGED VEHICLE LOGGED VEHICLE
DATASET - 1 DATASET -2
100000, 714 GOETT, 712

FINAL RAW
LOGGED VEHICLE
DATASET
160677, 712

Figure 6: Logged vehicle dataset

The readouts are gathered in a biweekly basis, with the first readout
being recorded at the start of each month, and the second readout
being recorded on the 15th. The dataset contains critical information
and can be used to analyze the readout source. The T-CHASSIS fea-
ture is the vehicle identification number, which is unique to each ve-
hicle. In figure 7, shows the handling of categorical and numerical

45
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features existing in the LVD dataset.

t_chassis xtotal_engine_time_p1bb0_lag1 xmain_log_ptc_time_p1ath_lag1 xtotal_fuel_consumpti_p1bby_lag1 xclutch_plate_wear_p1evs_lag1

27680 B-806505 178168600 0.0 2064920000

42624  B-806503 102.495250 0.0 1593.625000
44096 B-806505 50.544205 0.0 T779.547097
40618 B-806505 8.308050 0.0 109.130000

Figure 7: snippet of final Logged vehicle dataset

The WC data contains a total of 407190 records collected from 72497
different trucks. The WC data has a storage size of 1.98 gigabytes and
contains all the fault codes. The data is high-dimensional and noisy.
Each component has a unique faulty code, and in this work, we are fo-
cusing only on a specific component: the nozzle pump. The data con-
sists of information that can be used to identify readout sources, such
as T_CHASSIS, BIWEEK_SEND_DATE, and the DELIVERY_DATE.
The T_CHASSIS a special string of letters and numbers for each chas-
sis, serves as a vehicle identifying number. The figure 8, explains this
process. Considering only the nozzle pump with the fault code 2584,
the WC data is filtered, and the final raw WC data contains records
of 24330 collected from 16178 different trucks. The claim record starts
on 2015-01-01 and ends on 2017-12-01.

WC data:
407190,58

Y

WC- FC(nozzle):
24330,58

Y

Raw WC data
24330,58

Figure 8: Warranty claim dataset

The final raw WC data contained a count of repair information when
the nozzle pump had been repaired, and the figure 9 explains the
distribution of data in the WC dataset. For the sake of readability, the
last WC data is referred to as Raw WC data. It is worth mentioning
that in this thesis, we only merge the features related to the repaired
date, fault or component code, and T-Chassis identification number
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6.2 DATA PROCESSING

with the raw LVD data from the raw WC data.

DEB_CD JOB_NO

MAIN_OP OP_HOURS_CLAIM PART_NAME

PART_NO PART_NO_Q

REF_NO REPAIR_ID

47

REP_ORDER_NO

0 VB_02 1
1 VB_02 3
2 VB_10 1
3 VB_12 &

2580000

2580000

2580000

2580000

DOSAGE
VALVE_ 3KG
ELUE
BRACKET

NOZZLE_
BUS

INJECTOR_
AHI NOZZLE

INJECTOR_
AHI NOZZLE

21738124

21781227

21407621

21407621

21738124

21781227

21407621

21407621

Figure 9: snippet of final Warranty Claim dataset

8860691

1551273

7340462

8861480

B5LH-
161972-
150625-

21738124

E11R-
171748~
160520-

21781227

B5LH-
169103-
150915~

21407621

B5LH-
169106-
170207-

21407621

Before diving into the rest of the topics, the approach followed in
this thesis is explained in figure 10. The work is split into four stages;

1. Combining LVD and WC dataset into one raw data and data
integration are shown in stage 1.

2. Calculation of RUL is implemented in stage 2.

3. Hybrid feature selection method in stage 3.

4. Evaluation and conclusion in stage 4.

3474748

1114576

3479057

Final raw data
(LVD + WC)

Y

Data Integration

Y

Calculation of RUL

Hybrid feature Y
selection

Evaluation

Figure 10: Conceptual view of the approach followed in this thesis

6.2 DATA PROCESSING

As depiected in the figure 11, the pre-processing step includes two
data transformation steps.

* 1. Data Integration

¢ 2. Data Engineering
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6.3 DATA INTEGRATION

The goal of this section is to combine the LVD and Claim datasets to
provide an integrated one that include usage and repair data for ev-
ery vehicle. The other operations such as sorting, preparing the data
for cleaning, selecting and extracting only the reliable features, and
calculating RUL based on the final integrated data are also discussed
in this section. The process is shown as below:

Raw data
A J
Calculating RUL 54780,720
h 4
Input : 54780,720
Data Engineering
output : 54780,596

Figure 11: Steps involved in Data Pre-Processing

1. Combining the LVD Readout:
As mentioned earlier, two datasets are merged into a single dataset
called as Raw LVD.

2. Filtering the WC data and Merging LVD and WC Data:

The WC repair data is combined with the LVD. When we merge the
WC and LVD, features include fault code, T-chassis, bi-week-send-
date, and repair date. We take into account whether the WC data
for every vehicle in the LVD has at least one repair date. This is ac-
complished by analyzing LVD and WC data vehicles utilizing the T-
chassis feature. The information from those vehicles in the LVD data
that matches the repairs in the WC data is saved, while other data is
removed. The collected data is called as Processed data they are used
to calculate RUL and to train the model. The processed data contains
records of 54780 obtained from 1332 unique heavy-duty trucks. The
reduction in the data is since only a few unique chassis have been to
the service workshop, and it is considered highly imbalanced when
we implement this in classification tasks. A comparison of raw data
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and processed data is shown in the figure 12.

Number Of Data in LVD and WC

= Data VD
== Data WC

T T T T T T T T T
o 50000 100000 150000 200000 250000 300000 350000 400000

Number Of Data in LVD and WC_Nozzle_Fault

B Data LVD
EEE Data WC_Nozzle Fault

o 92

r T T T T T T T T
0 20000 40000 0000 BOOQO 100000 120000 140000 160000

Figure 12: Data distribution in raw and processed data

3. Data Sorting:

The processed data is grouped together based on the chassis ID’s
and then sorted by the bi-weekly order. The unique distribution of
t-chassis in raw data and processed data is shown in 13.
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T_chassis present in LVD and WC

BN T chassis_LVD
B T chassis_WC

. gatd
1 cna“’ﬁ‘da

k T T T T T T T
0 10000 20000 30000 40000 50000 60000 70000

T_chassis present in LVD and WC_Nozzle Fault

B T chassis_LVD
BN T chassis_WC_Nozzle_Fault

. V]
1 t'nas'sﬁ 0

0 2000 4000 6000 8000 10000 12000 14000 16000

Figure 13: Unique Chassis distribution in raw and processed data

4. Data Analysis: Before calculating the RUL for the data, data
distribution among the features is analyzed. Descriptive statistics or
summary measures explain the essential qualities of data such as
mean and standard deviation (SD) [72]. From the results below in
figure 14, it can be noted that the data is unevenly distributed, and
the features are not correlated with each other.

2500
m xentered_faulty_gearb_plagf_lagl
xentered_limphome_mod_plagi_m1
B xgearbox_movement_gea_plagg_m
2000
1500
000
500
a ]

Figure 14: Data distribution
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There are various methods employed to analyze the normality of
the data, and each method has its challenges and advantages. Quantile-
Quantile (Q-Q) plots and a few normality tests were performed to un-
derstand the distribution of the features. Q-Q plots are used to study
the distribution of elements from the data, and the deviation from the
expected distribution can be seen in figure 15. Type of distribution of
the features can be easily analyzed by Q-Q ploys, whether it's a Gaus-
sian, exponential or uniform distribution. From looking at the plots
15, the points are not falling on the straight line but are distributed
significantly, then it’s hard to find a relationship between the axis.
This result clearly signifies that the ordered values that we wanted to
calculate are not normally distributed.
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Probability Plot
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Figure 15: Q-Q plots for studying data distribution in the features

Shapiro-Wilk test is performed to examine the normal distribution
of the features. The test gives a test statistic and a corresponding
p-value. The p-value is used to describe the test, whether the sam-
ple was drawn from a Gaussian distribution[27]. This is represented
by the null hypothesis(Ho). If the P-value is less than the threshold
limit(o.5), the feature does not have a normal distribution. Below fig-
ure 16, shows the p-value for 3 of the samples(features).

5. Calculating the Remaining Useful Life(RUL):
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Xentered_faulty gearb_plag9 lagl: gaussian_distribution
Statistics=0.364, p=0.000

Sample does not look Gaussian (reject H®)
xentered_limphome_mod _plaq6 ml: gaussian_distribution
Statistics=0.016, p=0.000

Sample does not look Gaussian (reject H®)
xgearbox_movement_gea plaqg m: gaussian_distribution
Statistics=0.938, p=0.000

Sample does not look Gaussian (reject H@)

Figure 16: Shapiro-wilk Normality test

The RUL is used to predict the remaining life of components used
in the vehicle, and it also provides confidence based on the predic-
tion. RUL is the length of time a feature is expected to operate before
requiring maintenance or replacement, or before it is deemed obso-
lete. The RUL is measured based upon observations, or average mea-
sures of components, similar items, or systems [11]. By estimating the
RUL of the components, the workshop or engineers may schedule the
maintenance activities to optimize operating efficiency and avoid un-
scheduled breakdowns. Hence, RUL is considered to be an essential
step in predictive maintenance business [35]. RUL calculation is de-
pendent on the kind of data available.

* 1. Lifetime data estimates the details of the components’” repair
or failure information.

* 2. Run-to-failure histories of components identical to the com-
ponent we want to diagnose.

* 3. A known threshold value of a condition indicator that pre-
dicts failure.

. This thesis has the first kind of data where the records are noted
when a failure of components develops in a vehicle. The RUL can be
estimated in 2 ways:

1. sliding box approach and 2. Time to Next Event(TTE) approach.

The sliding box approach is mainly used for classification tasks, and
the latter approach is used for regression tasks. Since our focus is on
regression, we have followed the TTE approach to calculate the RUL.
The objective of this approach is to mark the next event at each point
in time with the label rather than assigning binary labels [10]. The
labeling of RUL is shown below:

[Li = tm —t] (10)
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where L, is the label of the time step at time t, and t,, is when
the vehicle went to the workshop for a service. In our dataset, we
don’t have the exact date of malfunction of the vehicle, and we use
the repair date as t,,. There are many advantages to this approach.
One of the main reasons for choosing this approach is in our data. We
have an enormous amount of data that represents the healthy state
of the vehicle and only a few amount of data that represents the ve-
hicle’s faulty state. Consider using a bigger interval size to resolve
this. More records closer to the problematic condition are tagged as
inaccurate data, and the TTE technique does not require any tuning
for the hyper-parameters.

The RUL Parameter is calculated by considering the similarities in t-
chassis, bi-week-send date, and repair date. For calculating the RUL,
from the WC data, we have obtained the columns from repair date,
vehicle id, and the specific part number(nozzle pump). Then, we
grouped the data based on the vehicle id and filtered the dates to
be ascending. For the calculations to be correct, we have done the
same filtering process on LVD data so the data is grouped correctly
and the dates are in the same order as WC data. We took the next
step to compare the dates and remove the rows with the dates that
weren’t available in both data sets. After the data sets are in the cor-
rect format for RUL calculations, we have compared the repair date
with the bi-week-date for the specific chassis id and obtained the re-
sult in days as RUL. It is worth mentioning that the repair date itself
has o as RUL value as there are no days left for the component to start
malfunctioning. The processed dataset involves a new feature called
target failure. The target failure has 1 for a given sample or row if and
only if a failure for the nozzle pump has been reported. The target
failure is assigned as o when there are no records for the vehicle in
the claim dataset. The figure 17 explains the calculation involved in
identifying the target failure while estimating RUL. An example of
the bi-weekly interval is illustrated, the two closeout samples preced-
ing to the failure are identified as defective.

In figure 18 the calculation of RUL can be seen. In this way, for ex-
ample, if the repair date record is 1st of July 2016 and the first record
in LVD for that specific chassis id is 1st of May 2016, the RUL value
will be 30 as there are 30 days left for the component to be repaired.
Measurements taken after the last failure cannot be labeled since we
do not know when the next failure will occur.

In figure 19 and figure 20 shows the plots for 2 of the chassis in 12

months and its entire time frame. Few vehicles had multiple break-
downs within a year. The red dots mean that the vehicle had break-
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Figure 17: Conceptual View of labeling o and 1 while calculating remaining
useful life

t_chassis biweek_send_date

rep_date repair_biweek_diff target

27680 B-806505 2017-03-01 2017-03-31 30 days 1.0
42624 B-806505 2017-02-15 NaT NaT 0.0
44096 B-806505 2017-02-01 NaT NaT 0.0
40618 B-806505 2017-01-15 NaT NaT 0.0
46324 B-806505 2017-01-01 NaT NaT 0.0

t_chassis biweek_send_date

rep_date target

test_rul groupby_chassis

0 B-806505 2017-01-01 NaT
1 B-806505 2017-01-15 NaT
2 B-806505 2017-02-01 NaT
3 B-806505 2017-02-15 NaT
4 B-806505 2017-03-01  2017-03-31
5 B-803331 2016-12-15 NaT

0.0 89 days 00:00:00 1
0.0 75 days 00:00.00 1
0.0 58 days 00:00:00 1
0.0 44 days 00:00:00 1
10 0 1
0.0 56 days 00:00:00 2

Figure 18: Calculating the target and remaining useful life

down and the pattern differs for each vehicle.
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Figure 19: RUL in a 12 months calendar period and age of the vehicle in
months for 754210
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Figure 20: RUL in a 12 months calendar period and age of the vehicle in
months for 696527

[ December 23, 2024 at 10:17 — classicthesis version 4.0 ]



6.3 DATA INTEGRATION

6.3.1 Data Engineering

Checking for the duplicate features.

* Removing Zero variance features.

Numerical and Categorical features set.

Data Standardization

Data cleaning is performed after estimating the RUL in the processed
data, and missing values are analyzed. The columns which had Only
Nan values were eliminated, and there were 30% of missing values
in numerical features, which has been replaced by attributing them
with the mean of the feature. Features that have the same identical
values across all records are considered duplicates. In the processed
dataset, 44 traits that were duplicates were taken out. Features with
zero variance are those that have two distinct values. Nine features
that had zero variance were removed from the processed data. The
figure 21 shows the duplicate and zero variance features of processed
data.
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['xpleil_pilpjf_pmbatteryresetvehicledistance_log_lagd’,
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Figure 21: Duplicate and zero variance features

The dataset contains 593 numerical features and 773 categorical fea-
tures. The categorical features are those features with an Object data
types which gives information of the sensor types, pumps used, emis-
sion rates, mostly detailed description configurations of the trucks,
are eliminated from the dataset. The figure 22 shows the distribution
of the features in the data.
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Figure 22: Features Distribution in Processed data

6.4 ACPSO HYBRID APPROACH

An essential goal of this hybrid strategy is to apply ACO at the start
of the search process. The subsets created by ACO are evaluated us-
ing a stopping criterion. The requirements we’ve defined for ACO to
transmit the data to PSO are that the fitness function remains constant
for numerous iterations or if the change is insignificant and that the
current ant’s performance metric is compared to the last best learn-
ing measure. The following formula is used to calculate the learn
measure accuracy:

[accuracy[ant]/(1 + lambda * len(attributeselectlant]))] (11)

The searching process is shifted to the PSO algorithm when the stop-
ping criteria are met. The best subsets found by the ant population
act as the initial population for the PSO algorithm. Figure 23, shows
the steps followed in implementing the proposed strategy:
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Initialize the no. of iterations(ite=0)
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Figure 23: ACO-PSO hybrid approach
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6.4 ACPSO HYBRID APPROACH

6.4.0.1 Initialization of ACO parameters

The value of the pheromone (alpha) and the heuristics informa-
tion (Beta) are calculated, and a correlation matrix is produced
after determining the number of ants.

The maximum number of iterations and the number of ants are
defined.

6.4.0.2 generation of ants and evaluating each subset

6.4.1

The ants in the feature set are assigned to a feature at random.
Ants will look for a solution by looking through all of the fea-
tures (nodes) present in the dataset. Ants will use the linkages
between features generated using the pheromone update matrix
to generate an ideal path. There are only two possible connec-
tions to follow from each ant’s site; the inclusion of weighted
linkages aids the ants in choosing a better path.

The pheromone level on the links towards a feature is affected
by the selection or un-selection of a path. For the ant with the
best route, pheromone levels are increased in all connections,
while the weight of the links is reduced as a punishment for the
other ways.

The heuristic probability of selecting feature j at a feature i is
represented by nij. The relation between features i and j is repre-
sented by corrij, which is determined using the equation below:

1
COTTyj

Ny = (12)

The ants generate a subset by repeating these processes at each
iteration. The ants travel randomly from their initial positions
until a halting condition is satisfied.

The resulting subsets are gathered and analyzed, with the classi-
fier error (Random forest classifier) being used as an evaluation
metric.

The searching process is switched to the PSO if the change value

is insignificant and a specified number of iterations are reached.

Checking the stopping criteria and Performance measure

The searching process is switched to the PSO if the change
value is insignificant or the learning measure is lesser than the
best learn to measure, and a specified number of iterations are
reached.
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6.4.2

6.4.3

METHODOLOGY

If not, the pheromone is changed, a new set of ants is formed,
and the process repeats.

Initialization and evaluation of PSO

The ant’s best results are used to generate the position and ve-
locity of each particle.

Particles will be strewn around the feature set at random, with
pbest and gbest being utilized to create an optimal path for the
particles.

A denotes selected features and those not represented by a o.

The fitness of a feature is determined by the prediction accuracy,
which is calculated as follows:

. 1
ﬁtness]t:, = BERL (13)
P

where BERpt is the classification error made by particle p at
iteration t when choosing the final subset.

pbest determines the particle’s best fitness value over all iter-
ations, and global fitness value gbest is the best fitness value
inside a group of pbest. pbest and gbest are employed by the
particles to design an optimal path, and they are determined as
follows:

t _ . t
pbest, = Max(ﬁtnessp)

1
gbest, = Max(pbesty) (14)

The position and velocity of all the particles are updated once
the fitness function is evaluated.

Final Subset

The procedure terminates, and the final best feature subset is ob-

tained when the PSO algorithm reaches the iteration level that we
have defined or if the best fitness value remains unchanged for nu-
merous iterations.
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Part VII

RESULTS

In this chapter, the findings are presented, explained, and
contrasted with those produced when the algorithms were
applied independently.
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There are numerous obstacles to developing an optimal method to
anticipate the RUL or any maintenance activity. The models are built
using data from onboard equipment and repair records from main-
tenance workshops. This makes estimating the RUL for components
complicated because the data was collected for activities other than
data mining, such as maintenance activities, product enhancement
and analysis, and warranty research. Among the issues are high di-
mensionality, unbalanced and noisy datasets, random readouts, and
an unknown amount of data from heavy-duty vehicles. Furthermore,
various datasets acquired from the same vehicle are linked, challeng-
ing data splitting during testing and training. As a result, we have
focused on adopting Hybrid FS to improve data quality.

We conducted several experiments to evaluate the proposed hy-
brid model, as shown in the figure 23. There are numerous ways to
construct a wrapper-wrapper hybrid model, but when is the opti-
mal operating condition determined and how effective is the model.
In a perfect scenario, the model is constructed with initial criteria,
and performance criteria results are used to identify the model dur-
ing training and testing. First, we attempted to construct the hybrid
ACPSO model using the fundamental threshold criteria for passing
the chosen characteristics from ACO to PSO. The model passes the
obtained subset from ACO to PSO if the criterion is not satisfied. If
the accuracy of the selected feature subset remains the same or de-
clines relative to the previous feature subset, the ACO model stops
and sends the selected feature subset with higher accuracy to the
PSO. This process is described in figure 24.
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Figure 24: failed ACO-PSO hybrid approach

The obtained result for the fig 24. Observing the results in 2, the
number of selected features utilizing the hybrid model is greater than
when ACO and PSO are implemented separately.

We also compared the algorithm’s performance in our studies with
public datasets using the Naive Bayes Classifier to the results ob-
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Table 2: Final subset of features in failure hybrid ACPSO.

Method | Input Selected
Feature

Full 596 596

data

ACO 596 354

PSO 596 347

Hybrid | 596 372

tained by [20] for their Hybrid FS. ACO and PSO parameters were
obtained empirically and fine-tuned with GridSearchCV. ACO and
PSO values are reported in the tables 3 and 4 and are employed in
hybrid proposed approaches.

Table 3: ACO parameters

ACO parameters | Value
No.of ants 298
alpha 1

beta 5
lambda 0.5

Table 4: PSO parameters

PSO parameters | Value
No.of Swarm par- | 298
ticles

w 0.9

c1 0.5

c2 0.5

k 60

ACO parameters are as follows: “alpha’ stands for the relative im-
portance of learning, ‘beta” stands for heuristics (the probability of
choosing feature j when in feature i and ‘lambda’ stands for mod-
ifying the objective function to reduce the number of features se-
lected while increasing accuracy. The missing values in the processed
dataset are filled in using mean imputation. PSO parameters are "c1’
for cognitive learning, 'c2” for social learning, ‘'w’ for the effect of
the prior velocity vector on the new vector, and 'k’ for the number
of neighbors to consider. We have seen a significant reduction in the
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number of features obtained; after obtaining the features, we applied
classifiers to get results from them, allowing us to compare the qual-
ity of the selected features.

Table 5: Final subset of features in methods

Method | Input Selected
Feature

Full 596 596

data

ACO 596 354

PSO 596 347

Hybrid | 596 208

Based on the table 8, we discovered that random forest had the low-
est error rate when applied to the feature set generated by the hybrid
technique. When using just one of the ACO or PSO algorithms on
the original data set before running the prediction model, the results
were worse than the best results we achieved when using both ap-
proaches as a hybrid on the feature sets.

The hybrid method’s RMSE and 12 score can be viewed in the ta-

Table 6: Final subset of features in methods

Method | RMSE
RF

Full 36.5

data

ACO 27.578

PSO 24.652

Hybrid | 20.086

ble 8. The better the model, the lower the RMSE number. We got
better results than using the entire dataset or only ACO and PSO
methods. Also, the mean imputation for the missing values gave us
good results. The obtained features will be used as our input for re-
gression methods. The model’s 12 score is 0.706, indicating that our
model captures 70% of RUL variability. We also got good results with
mean imputation for the missing variables. We’ll employ the subset
of features we’ve obtained as input for regression techniques. The
hyper-parameters in the classifier can be tuned to reduce the RMSE
since our main goal was to show that the hybrid method outcomes
the result when used only one of either two wrapper algorithms. The
choice of the classifier is crucial, and the domain also influences the
result. As a result of this observation and comparison with this spe-
cific dataset, we can conclude that the feature set obtained with the
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appropriate prediction model improves prediction accuracy.

Public datasets are used to evaluate the results and performance of
the proposed hybrid FS methods when used in other domains. The
results are presented in tables 7 and 5. To assess the effectiveness of
ACPSO in publicly available datasets, we used the Balanced Error
Rate (BER), which is the average of the error rates in the positive and
negative classes. In contrast, regression tasks were carried out and
evaluated using the Root Mean Square Error (RMSE) and 12 metrics
in real datasets.

Table 7: After and Before FS for Public Datasets

Results | Spambasq Hepatitis| Liver German
4em db db db db

Features | 59 19 11 25
before
FS

Features | 20 3 2 10
after hy-
brid FS

Features | 21 8 5 4
after hy-
brid

FS per-
formed

by [20]

BER be- | 0.3128 0.3836 0.5 0.4990
fore FS

BER 0.182 0.271 0.401 0.136
after
hybrid
FS
BER 0.1937 0.2930 0.407 0.2855
after
hybrid
FS per-
formed
by [20]

In general the hybrid AC-PSO FS took long time to compute than
running the algorithms individually 8. When compared to the out-
comes of the [20], the hybrid approach significantly decreased the
number of selected feature and improved the classification perfor-
mance on all datasets studied. as shown in table 7. However, work
is required to be studied how algorithms yield results in different
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domains with varying feature sizes. Combining ACO’s broad explo-
ration and PSO’s quick exploitation can improve the overall search
process. Since both algorithms can efficiently handle the high dimen-
sionality and complexity of feature selection problems, combining
the strengths of both ACO and PSO hybrid approaches can provide
a good solution for FS, resulting in a robust model with better model
performance and more insightful data analysis.

Table 8: Computation time for Public Datasets when implementing each al-

gorithm
Database Algorithms Used | Computation time | Number of selected
in milliseconds features
Liver Database ACO 108.14 7
PCO 1.96 2
ACPSO 382.82 2
German Database ACO 98.39 5
PCO 2.20 2
ACPSO 203.85 10
Hepatitis Database ACO 33.60
PSO 1.54
ACPSO 212.19
Spambase Database ACO 93.04 47
PSO 17.9 23
ACPSO 327.538 20
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Part VIII

CONCLUSION

This chapter puts the paper to a conclusion.
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CONCLUSION

Hybrid models are the emerging machine learning generations. Those
models yield higher accuracy and outperform most of the traditional
machine learning models. In this study, we invesigated bio-inspired
hybrid approaches for feature selection (FS). The proposed approach
integrates ACO and PSO, and their results are compared to those
of simple ACO and PSO-based feature selection methods. Two pre-
requisite conditions were developed as a stopping criterion for switch-
ing the algorithms from ACO to PSO when there is no significant gain
in accuracy. This allows us to reduce computation time and make bet-
ter use of the other algorithm (PSO). In addition, the PSO receives
only the best subset from ACO. This reduces the feature space greatly,
allowing the PSO to be done on a smaller, more efficient area. The pro-
posed methods are evaluated on a real dataset in four public datasets
for a classification task. To assess the performance of the selected sub-
sets in public datasets, we used the Naive Bayes classifier. The results
show that this method outperformed the [20] approaches on open
(public) datasets.

Experiments demonstrate that the suggested approach increases clas-
sification accuracy while reducing the number of characteristics. In
the future, more research is required. While the Naive Bayes classi-
fier worked well in public datasets, the classification accuracy could
be increased by employing different classifiers. In the real dataset,
the number of selected features decreased significantly, and the hy-
brid approachéas rmse score improved. The hyper-parameters in the
classifier can be tuned to reduce the RMSE. Our major goal was to
demonstrate that the hybrid method outperforms either of the two
wrapper algorithms separately. The biggest drawback is the compo-
nent dependency and how it affects failure prediction and ratio. Our
method incorporates previous failures, correlations, and LVD to pre-
dict failure ratios over time; nevertheless, it ignores the parameters
effect and connections to failures, which is crucial to comprehend be-
cause they might have a higher impact on the failure ratio over time.
Other swarm intelligence algorithms can be investigated further, such
as those based on bats, cuckoos, and glowworms. In the future, the
proposed approach could be used to test the algorithm on various
optimization problems.
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Part IX

APPENDIX
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