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CHAPTER 1: INTRODUCTION

1.1 General Introduction

Industry 4.0, also known as the fourth industrial révolution; has revolutionized the way
modern manufacturing and process industries operate. The seamless fusion of Eyber=
physical systems (CPS), the Industrial Internet of Things (IloT), cloud computing, big
data analytics and artificial intelligence (Al) is at the heart of this transformation. These
technologies can be combined to allow factories and production plants to become a
connected, intelligent, self-monitored, self-optimized, and autonomous ecosystem that
can operate in real time. [1][3]

In this integrated system, complex and ever-expanding arrays of sensors are embedded in
all manner of industrial equipment, collecting data on operating conditions, such as
temperature, rotational speed, torque, vibration, pressure, acoustic emissions, tool wear
and energy usage, all of which are typically measured in real time and at high sampling
rates. All of these data streams from thousands of machines on a factory floor create a
vast amount of operational data that human operators cannot easily interrogate with
traditional monitoring methods.

It is a huge opportunity and a significant challenge to use this sensor data. The moment
they are presented with the opportunity to change a stream of operations into a stream of
intelligence by identifying early signs of equipment degradation, predicting the
equipment failure and planning for maintenance within the prescribed time frame and
time of occurrence before the failure affects production. The challenge is to develop
models that will be reliable, accurate and — importantly — comprehensible, trustworthy
and actionable by plant engineers. The need for accuracy and interpretation is at the core
of this project.[5][6]

There are well recognised limitations of traditional maintenance strategies. Reactive
maintenance is fixing equipment after it has failed, causing unplanned downtime,
production losses, higher safety hazards for employees, and time-sensitive emergency
repairs that are expensive. Manufacturers can expect to lose on average, $260,000 per
hour in lost production due to unplanned downtime, and that the cost of reactive
maintenance is 3 to 9 times greater per maintenance activity than planned maintenance
approaches (source: industry estimates)[7][8].

Preventive maintenance, though more organized, has another disadvantage: Maintenance
is conducted not because the equipment is to be taken out of service, but because time has
passed or cycles have been used up. This means that some maintenance work is done on
good equipment, which is a waste of resources, labour and may even open the door for
new failures due to the failure produced by that maintenance, while other equipment
might actually need maintenance just prior to the scheduled maintenance period. This in
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turn means that some maintenance is performed on equipment that is healthy, which is a
waste of resources, labour and potentially creates new failure risks because of the failure
caused by the maintenance, while other equipment may require maintenance right before
the scheduled maintenance period.

Predictive Maintenance (PdM) fills this basic gap. PAM systems use operational data
from the past and live sensor data to create statistical and machine learning models that
analyze equipment health continuously and predict likelihood of failure in a specified
future time period. This allows maintenance personnel to take action at exactly the right
time — during the so-called P-F interval between the first evidence of a possible failure
and the time of functional failure — reducing both unscheduled downtime and over-
service.

The challenge, however, is that as the models utilised by machine learning in PAM become
more sophisticated, the trade-offs between the model's performance and interpretability
becomes more pronounced, from logistic regression to gradient boosted trees, deep neural
networks, and autoencoders. In a safety-critical industrial environment, it is unlikely that
maintenance engineers, plant managers, and safety officers will take action upon a “black
box” prediction without understanding why. The expression "Machine failure expected in
4 hours" has little practical use and cannot be easily operationalised without being able to
explain why the machine is failing, e.g. "because torque is anomalously high at the current
rotational speed while heat dissipation is compromised".[13][14]

This is where Explained Artificial Intelligence (XAI) is not only desired but necessary for
the implementation of PdM in the real world. XAl techniques like SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations)
offer principled and quantitative ways to lexplain model predictions for specific input
features, with a global perspective being able to give an explanation of which operational
parameters are most important to failure predictions for all instances, and a local view
being able to provide an explanation of why a particular machine state was predicted to
fail.

This grand-scale project tackles all of these challenges comprehensively by developing a
Predictive Maintenance and Anomaly Detection system for Industry 4.0 that is explained
by Al It combines classical supervised classification methods and deep learning
supervised classification models with explainability methods such as SHAP and LIME. It
also complements the supervised approaches with an unsupervised Autoencoder-based
anomaly detection module which can detect abnormal operational states even in the
absence of labelled failure data.[17][18]

1.2 Background and Motivation

This project has come about from three trends in the research literature and industrial
practice that have converged.
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Firstly, the number of I1oT sensors and edge computing platforms has made it both
technically and economically viable for manufacturers of all sizes to be able to gather the
operational data required to support machine learning for PAM. Once a domain of large
enterprises with their own data science teams, this is becoming more commonplace for
small and medium-sized enterprises (SMEs) with the help of cloud-based analytics
platforms and open-source machine learning tools.[21][22]

Second, in the field of PdM, there is increasing research that compares machine learning
models for the specific task of predicting failures, and interestingly, there is evidence that
simple classical models such as logistic regression and random forest are at least
comparable in most cases, if not better, than more complex deep learning architectures on
structured, tabular industrial datasets. This result raises a doubt about the assumption that
the more complicated models are better and encourages critical and data-driven model
selection [1,6].

Third, ISO 13849 (Safety of Machinery), IEC 62061 and upcoming Al regulatory
frameworks in the EU are increasingly focussing on the model explainability, auditability
and human oversight. If an Al system used in industry does not produce explanations for
its predictions, it will be even more likely to be subject to regulatory scrutiny and non-
adoption by risk-averse industrial organisations.[23][24]

These three trends inspire the integrated approach towards building accurate, data
imperfection tolerant, and interpretable PdM systems that this project exemplifies, using
principled XAl techniques.

1.3 Research Gap Identification

Several gaps have been found from the literature review, which the current project will be
able to address in depth.[13][14]

Gap 1 — Performance Under Realistic Data: Although many studies use AI41 2020 dataset
as the benchmarking ground for assessing the efficacy of their proposed ML and DL
models, very few take a comparative approach to evaluate models under realistic data
conditions with the presence of sensor noise and class imbalance. Majority of the works
have relied only on clean datasets for evaluation.[15][16]
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Gap 2 — Explanation Integration into Prediction Pipeline: Predictive Maintenance studies
usually concentrate on building highly performing models or integrating an explanation
methodology in the experimentation setup, but very seldom both aspects together.
Integration of SHAP and LIME explanation techniques is significant from a
methodological perspective for cross-method comparisons.[17][18]

Gap 3 — Anomaly Detection on AI4I 2020 Using Autoencoders: Anomaly detection using
autoencoder models in the context of the AI41 2020 dataset has not yet been considered
extensively. Current literature considers this as an example for a prediction problem
rather than exploiting the capability of autoencoders in unsupervised learning of
anomalies.[19][20]

Gap 4 - Deployment Guidelines for SME-Specific XAl: There is little scholarly literature
regarding practical guidelines for model selection and the deployment of XAl specifically
for SMEs within the Industry 4.0 framework, i.e., enterprises that do not have data
science expertise or computational resources of their own.[21]

Gap 5 — SHAP vs. LIME Explanation Validation: XAl applications in PdM generally
employ only one explanation technique. Cross-validation between the two explanation
methods (SHAP & LIME) would be more trustworthy in the same data set.[22][23]

1.4 Objectives of the Study
The main aims of the present research work are set out as follows:

1. A comprehensive literature review in the areas of predictive maintenance,
machine learning, deep learning, explainable Al, @nd anomaly detection fifi'the context of
industry 4.0; along with a bibliometric study involving publication trends and co-
occurrence of keywords.

2. The implementation 6f thi€€ exemplary machineleéarning models; namely,
Logistic Regression, Random Forest Classifier, and Feed-Forward Neural Network
(MLP), for classification of machine failures using the AI4I 2020 Predictive Maintenance
dataset.

3. Testing the robustness of the models under discussion using three different
experimental setups: baseline data without any modification, Gaussian-noised data
mimicking sensor noise and drift, and SMOTE-enhanced data dealing with class
imbalance.

4. The implementation of an unsupervised anomaly detection approach based on the
Autoencoder technique and evaluating its performance by determining reconstruction
error thresholds.

5. Application of the two model explainability techniques SHAP (TreeExplainer in
case of Random Forests) and LIME (LimeTabularExplainer for neural networks) to
obtain feature importance scores, interaction plots, and explanation instances.
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6. Validating SHAP and LIME results to check the consistency and reliability of
explanations provided by both tools.

7. Extracting valuable insights and recommendations for implementing explainable
Al-based predictive maintenance in industrial manufacturing, especially for SME:s.

1.5 Problem Statement

Although machine learning is becoming a vital component of industrial maintenance,
there are three interrelated challenges with existing PdAM implementations.There are three
interrelated challenges with existing PAM implementations despite the increasing use of
machine learning in industrial maintenance.

The interpretability challenge: The majority of the best performing ML models that are
used in PdM systems are black box models, meaning that they are able to provide
accurate predictions of failures, but are not able to explain the operational factors that
lead to failure. The opacity causes problems with adoption in safety-critical situations
where decisions about maintenance are subject to audit, explanation, and defensiveness
for regulators, insurers, and plant management.[28][29]

The robustness problem: Sensor data is often not as tidy and clean in real-life industrial
applications as the public benchmark data sets. Noisy data, drift, electromagnetic and
measurement errors are widespread and models developed on a clean set of benchmarks
can perform poorly when deployed outside their training environment.

The supervision dependency problem: Supervised classification models depend on failure
data that have been previously labeled, but for new equipment, failure modes, and
organisations that have traditionally maintained via reactive maintenance, failure data
might be rare or even non-existent. Supervised classification is only part of a complete
PdM framework, unsupervised anomaly detection is required to be included as a
complement. [32]

The three gaps are addressed in this project in the following ways: (1) Interpretability gap
is tackled by explaining models using SHAP and LIME; (2) Robustness gap is tackled by
systematically evaluating models for robustness under noise and class imbalance; (3) The
supervision dependency gap is tackled by anomaly detection via Autoencoder.

1.6 Scope of the Study
The following boundaries and inclusions are used for this project:
The dataset is the"AT412020 Predictive Maintenance Dataset taken from the UCI

Machine Learning Repository containing 10,0007instances, 14 features, and a binary
failure target.
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Supervised Models: Logistic Regression, Random Forest Classifier (100 Trees), Feed-
Forward Neural Network (2 hidden layers with 32 and 16 Neurons).

For the three conditions (clean baseline, Gaussian noise injection (std=0.1), and SMOTE
oversampling on training data), three conditions were evaluated.

Explainability: SHAP Tree Explainer applied to Random Forest and LIME
LimeTabularExplainer applied to Neural Network.

. Anomaly Detection: Autoencoder using 5 main numerical features;
Reconstruction error threshold set at 95th percentile.

. Implementation: Python scikit-learn, TensorFlow-Keras, SHAP, LIME,
imbalanced-learn, pandas, matplotlib, seaborn.

These are considered to be Future work: Out of Scope: Temporal sequence modelling,
streaming data processing, multi-class failure mode prediction (identified as future work),
real-time deployment infrastructure.

1.7 Significance of the Study

This study contributes in a number of different ways to the PAM and XAI research
communities:[1][6][11][12]

Academic contribution: The multi-condition robustness evaluation framework is
systematic and combines clean, noisy and SMOTE conditions across 3 representative
models, thereby going beyond clean-data approach to model benchmarking for PdM.

Technical contribution: The integration of SHAP and LIME in the same PdM pipeline
and explicit cross-method validation of findings adds to the growing evidence of the
reliability and consistency of XAl in industrial applications[11][12].

Practical contribution: The framework is built with open-source tools, on standard
hardware and aimed to be directly reproducible and extendable by practitioners, easing
the adoption of XAl in PdM for industrial organisations with limited resources.

1.8 Structure of the Report

Organization of the rest of this document: Chapter 2 will describe an extensive literature
review that covers aspects of predictive maintenance, traditional machine learning, deep
learning, explainable artificial intelligence, anomaly detection, and a bibliometric review
of the research ecosystem. The method used in this study is covered in Chapter 3, which
includes details about the datasets employed, data preprocessing techniques, experimental
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setup, model design, training, explainability, and performance measures. Chapter 4 will
provide experimental results along with the outputs displayed from the Python code.
Finally, conclusions along with six scopes of the future work will be provided in Chapter
5, alongside an impact on society across four dimensions.
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CHAPTER 2: LITERATURE REVIEW

2.1 Introduction

The interaction between machine learning, explainability of Al, and predictive
maintenance research has led to a growing interdisciplinary literature in the last ten years.
The purpose of this literature review is twofold: first, it forms the theoretical basis for the
experimental methodology used in this project; second, it highlights the current position
of this work within the existing literature and the gaps that led to the development of this
methodology; finally, it offers a bibliometric analysis of the current state of research via
publication trends and keyword co-occurrences.[1][2]

Literature reviewed for this paper includes peer-reviewed journal articles, publications
from IEEE and ACM conferences and technical papers from the years 2018-2026 and
focuses on research that uses the AI41 2020 Predictive Maintenance Dataset — the
benchmark dataset used in this project — as well as research on SHAP and LIME
techniques, autoencoders and robustness.[3][4]

2.2 Bibliometric Analysis of the Research Landscape
2.2.1 Overview and Methodology

The bibliometric approach facilitates the systematic and regular quantification and
understanding of the development process and trend in a research field.. It does not rely
solely on an analysis of individual articles but through this bibliometric approach,
researchers can get a better understanding of trends and patterns in publication activity
and overall research directions at a larger scale.[5][6]

For bibliometric analysis of this research field, systematic keyword searching was
performed across four main database sources ificluding 'Scopus; " Web'of Scienice; IEEE
Xplore, and Google Scholar. Keywords used for|literature search include: "Predictive
Maintenance", "Machine Learning Industrial Maintenance", "Explainable Al Industrial",
"SHAP Machine Learning", "LIME Neural Network", "Anomaly Detection Industry 4.0",
"AI41 2020 Dataset", "Random Forest Failure Prediction", "Autoencoder Anomaly
Detection", along with their Boolean combination. Analysis period is set from 2018, the
year of Industry 4.0's implementation start, to early 2026.[7]

2.2.2 Publication Trend Analysis

It is apparent from the analysis of the annual number of publications in the databases under
consideration that there has been a clear upward trend for all three research directions.
These trends are a result of two key factors—the ever-increasing amount of IoT industrial
data and awareness of the problem of interpretability gaps in industrial Al solutions.[8][9]

Total PAM Pubs. XAl in Industry PdM + XAI Growth Rate
(YoY)
2018 ~420 ~45 ~12 Baseline
2019 ~610 ~89 ~28 +45.2%
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Year Total PAM Pubs. XAl in Industry PdM + XAI Growth Rate
(YoY)
2020 ~890 ~152 ~55 +46.1%
2021 ~1,240 ~278 ~110 +39.3%
2022 ~1,680 ~412 ~198 +35.5%
2023 ~2,100 ~580 ~315 +25.0%
2024 ~2,650 ~740 ~480 +26.2%
2025-26* ~1,100%* ~320%* ~220%* Continuing trend

Table 2.1: Publication Trend Analysis — PdM and XAI Research (2018-2026). *Partial year. Source:
Scopus, Web of Science, IEEE Xplore.

Firstly, the number of PAM studies has increased by over 530% between 2018 and 2024
due to the fast maturation of this field. Secondly, XAl in industry category has seen an
even bigger rise — from approximately 45 studies in 2018 to 740 in 2024, which equals
more than 1,500%. Finally, and most importantly for this research, PAM & XAl studies
have grown from approximately 12 studies in 2018 to 480 in 2024, which equals to
almost a 40-fold growth — demonstrating that combining explainability to PdM systems is
one of the fastest-growing areas of study.[10]

This change represents an essential evolution in the research questions. Indeed, answering
the early question "Is Al able to predict failures of industrial equipment?" has already
been mostly answered in the affirmative by 2021. Now, there is a shift in the questions
that researchers ask: "What model should be used for what industrial data?", "How can
the reliability of our model be ensured given data imperfections?", "And finally, how
interpretable should our model predictions be for us to use them?" are among those that
our research is addressing.[11][12]
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2.2.3 Project Flowchart

Explainable Al Based Predictive Maintenance and Anomaly Detection System

Flowchart of the Proposed Framework
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Al4l 2020 Predictive Maintenance Dataset
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Figure: Flowchart of the Explainable Al Based Predictive Maintenance System
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2.3 Predictive Maintenance: Conceptual Foundations

For a thorough analysis of the machine learning methods being employed within this
study, it is essential that one first understands the basics of the concept of predictive
maintenance within the maintenance strategy domain.[14][15]

Industrial maintenance strategies may be broadly grouped into four main types, each with
a unique approach to equipment management.[16]

Strategy Trigger Cost Level Downtime Risk Data Needed
Reactive After failure Very High Very High None
Preventive Fixed schedule Moderate Moderate Usage records
Condition-Based Threshold breach Low-Moderate Low Real-time
sensors
Predictive (PdM) ML failure Low Very Low Historical +
forecast sensor

Table 2.3: Comparison of Maintenance Strategy Types

Predictive Maintenance is based on the concept of P-F (Potential Failure to Functional
Failure) intervals, introduced in reliability engineering. A P-F interval is the window in
time between the first sign of potential failure — vibration increases, deviations from
normal temperatures, unusual acoustic signals, etc., and failure when a piece of
equipment stops performing its intended function. Predictive Maintenance strives to
identify the emergence of a P-F interval as early as possible in order to maximize the time
that can be spent on intervention.[17][18]

Predictive Maintenance has a well-defined business justification in the context of
maintenance engineering. McKinsey Global Institute reports that predictive maintenance
in manufacturing allows for reducing unplanned downtime by 30% to 50%, extending the
lifetime of machines by 20% to 40%, and lowering maintenance expenditures by 10% to
25%. In manufacturing facilities where throughput is high, even small decreases in
unplanned downtime lead to savings in the millions per year.[19][20]

2.4 Classical Machine Learning Models for Failure Prediction

A bibliometric method offers a structured and systematic means to measure and
comprehend the evolution and trends within a research area. It doesn't depend only on
evaluating individual articles; rather, this bibliometric method allows researchers to gain a
clearer insight into trends and patterns in publication activity and general research
directions on a broader level.
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2.4.1 Logistic Regression

Logistic Regression (ER)is the most fundamental classifier for binary problems, and has
been consistently used as a benchmark for PAM algorithm comparison across various
studies. Despite its linear hypothesis about the decision surface, LR has performed quite
competitively in structured industrial data where the distribution of failure/non-failure
instances is separable.[23]

The major benefits of using Logistic Regression in industry include its high
computational efficiency, interpretability based on coefficient magnitude, probabilistic
prediction, and effectiveness even when dealing with very small data volumes. The
drawback of LR, which lies in its incapacity to model nonlinear interactions between
attributes, can be alleviated by feature engineering techniques.[24]

2.4.2 Random Forest

Random Forest (RF), invented by Breiman in 2001, has emerged as one of the best-
performing algorithms for processing tabular industrial data in any PdM application. A
set of decision trees created based on randomly sampled subsets of observations and
features provides both good generalization capabilities and robustness to
overfitting.[25][26]

In a recent study conducted by Shah et al (2024), it was shown that the use of Random
Forest allows achieving F1-scores up to 0.90 for selected categories of machines from the
AI41 2020 dataset, with torque, rotational speed, and tool wear as the key factors used to
make predictions. In another study, Waghulde et al. (2025) showed that RF is capable of
producing metrics surpassing 0.99 F1-scores; such high performance has been attributed
to the structure of the dataset and clearly specified failure modes.[1][6]

Another notable benefit provided by Random Forest in an industrial setting is an implicit
way of estimating the relative importance of features, based on either impurity or
accuracy reduction.

2.4.3 Gradient Boosting and Other Ensemble Methods

Gradient boosting algorithms like XGBoost, LightGBM, and CatBoost have gained
recognition as'some 0f the' most effective algorithms out-of-the-box for structured tabular
datasets in recent times. Hosseinzadeh et al. (2023) highlight that Gradient Boosting
delivers an accuracy higher than 90% in the AI41 2020 dataset, while Jeevaguntala (2025)
reports that using Random Forest in combination with XGBoost yields impressive
performance on an imbalanced machine failure dataset.[4][5]
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Although Gradient boosting algorithms are not considered among the key algorithms in
the primary analysis of this experiment (to keep the comparison limited to three models
only), they can be an interesting area of study in the future.[20]

2.5 Deep Learning for Predictive Maintenance

The emergence of DL models has added new tools to the PAM methodology arsenal
compared to the capabilities provided by classical machine learning methods, especially
in case of multidimensional and sequential sensor data.[28][29]

2.5.1 Feed-Forward Neural Networks (MLP)

The emergence of DL models has added new tools to the PAM methodology arsenal
compared to the capabilities provided by classical machine learning methods, especially
in case of multidimensional and sequential sensor data.[28][29]

Multi-Layer Perceptron is an initial step into deep learning applied for PAM. By
implementing multiple layers with nonlinear activation functions, MLPs provide the
opportunity to model complex non-linear dependencies between process parameters and
failure occurrences that are inaccessible to linear models such as logistic regression. As
for tabular datasets including AI41 2020, MLPs usually involve from 2 to 4 hidden layers
consisting of 16 to 256 neurons.[30][31]

According to Waghulde et al. (2025), the authors' deep neural network reaches metrics
above 0.99 F1 on AI41 2020 dataset, performing similarly well as Random Forest on
clean data. Bisht et al. (2025) prove that hybrid ML-DL solutions using a traditional pre-
processing pipeline combined with a neural classifier outperform classical ML
benchmarks.[6][8]

2.5.2 Recurrent Architectures: LSTM and GRU

In the case where there is data collected from sensors in the form of time series, there are
studies that have proven that Recurrent Neural Networks (RNNs) such as LSTM and
GRU neural networks are capable of delivering excellent performance due to their
capability of learning temporal dependencies in sequences of operational data, which can
never be achieved by the static classifier. LSTMs have been seen to be state-of-the-art
when it comes to modeling RUL prediction problems in time series PAM data such as
NASA C-MAPSS datasets.[24][32]

Though the AI41 2020 dataset is static and not time series data, the direction of research
will involve application of an LSTM model once time series data becomes available.[25]

2.5.3 Autoencoder Architectures

Unsupervised deep learning approaches based on autoencoders, which train models to
compress input data to learn useful representations, have gained dominance in
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unsupervised anomaly detection for industrial applications. This intuition can be
succinctly described as follows: An encoder-decoder network learns to represent and
compress normally operating data such that it incurs large errors when attempting to
reconstruct anomalous inputs.[33][34]

The deep learning framework for autoencoders was laid out by Hinton and Salakhutdinov
(2006). Ruff et al. (2021) present a unifying review of deep and shallow approaches to
anomaly detection, and find that deep autoencoders continue to compete well in industrial
tasks where anomalous data points are few.[35][36]

2.6 Explainable AI (XAI) for Industrial Applications

The rise of the research field called Explainable Al shows an inherent conflict between
two essential concepts in contemporary machine learning. The best results that can be
achieved are usually those of the least interpretable algorithms, while the algorithms
easiest to understand rarely provide sufficiently accurate results.[37][38]

2.6.1 SHAP — SHapley Additive exPlanations

The concept of SHAP is defined by Lundberg and Lee (2017) as an algorithm for
calculating Shapley values. In simple terms, the contribution of each attribute to a
prediction is determined by computing theé'average contribution of that feature in all
combinations of features. The method satisfies such criteria as local accuracy,
consistency, and missingness.[11]

TreeSHAP is an optimized version of the algorithm aimed at tree-based models only. It
manages to solve the problem of exponential complexity of computing Shapley values for
the tree structures and allows for the exact calculation of SHAP values for Random
Forests that consist of thousands of trees.[11]

The method also offers visualization tools that allow for exploring the output on different
levels: beeswarm plot to visualize feature importance globally, with directionality, bar
chart to compare relative feature importance in one plot, dependence plots to understand
feature interactions and waterfall plot to explain predictions for individual
observations.[39]

2.6.2 LIME — Local Interpretable Model-Agnostic Explanations

On the other hand, the Local Interpretable Model-agnostic Explanations (LIME) method
developed by Ribeiro et al. (2016), under the provocative question "Why Should I Trust
You?", operates differently when providing explanations for machine learning models.
Instead of calculating global attribution scores, LIME uses a simple linear model locally
to approximate the behaviour of a complex black-box model around an observation of
interest.[12]

In more detail, the LIME algorithm starts with creating synthetic data points near the
instance being explained, asks the original machine learning model to generate
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predictions for those synthetic points, weighs each perturbed data point based on how
close it is to the original instance, and then fits a linear regression model that explains the
prediction in terms of features in the neighborhood.[12][40]

The model-agnostic nature of LIME means that the technique can be used for any
classification or regression models regardless of the underlying mechanism; for example,
LIME is especially effective at providing local explanations for neural networks for
which gradient-based attributions may not work due to instabilities.[41]

2.6.3 Comparative Analysis of XAI Techniques

While SHAP and LIME are the two most widely adopted post-hoc XAl techniques in
industrial applications, the literature also discusses Counterfactual Explanations, Integrated

Gradients, Anchors, and Grad-CAM. Each has distinct strengths and limitations relevant to

PdM contexts. 21431

Technique Type Scope Model Strength Limitation
Agnostic
SHAP Attribution | Global+Local Yes* Theoretically Correlated features
grounded
LIME Surrogate Local Yes Any model type Instability near
boundaries
Counterfactuals | Contrastive Local Yes Actionable insights | Multiple solutions
Anchors Rule-based Local Yes High precision Coverage trade-off
rules
Integrated Attribution Local Neural Mathematically NN-specific
Gradients only complete

Table 2.5: Comparison of XAI Techniques for Industrial PdAM. *SHAP has model-specific efficient
implementations.

SHAP and LIME, however, are currently the two most extensively used XAl techniques
within industry, and besides these techniques, other methods such as Counterfactual
Explanations, Integrated Gradients, Anchors, and Grad-CAM also appear frequently in
the literature, each with its strengths and weaknesses for PAM applications.[42][43]

One of the earliest works on applying XAI to predictive maintenance was carried out by
Matzka (2020), who showed how explainability is a crucial requirement rather than a
nice-to-have concept. Matzka's research laid down a baseline assumption that a modern
PdM system is expected to explain its predictions based on certain operational parameters
to take action on.[2]
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The recent hybrid machine learning-deep learning model presented by Bisht et al. (2025)
in their reliability engineering framework also proves the importance of SHAP-based
explanation in maintenance recommendations because it shows that such
recommendations allow eliminating unnecessary actions by making a distinction between
predictions based on controllable operational parameters and other factors.[8]

2.7 Anomaly Detection: Methods and Industrial Applications

Matzka 2020 from the UCI Machine Learning Repository has released the Al412020
Predictive Maintenance Dataset as the benchmark dataset/for predictive maintenance
based on machine learning. This data set consists of 10,000 artificially generated records
that mimic behavior from the actual milling process. [2] [15]

Five process variables, one quality variable and six output labels are recorded at each data
record infthe process. Itis important to note that|this datasetis tabular and has no missing
data with an imbalance rate of 3.4%.A multi-stage approach for PAM with anomaly
detection as a preliminary screening stage and subsequent application of any supervised
classification methods can minimize the number of false positives and improve the more
precise classification of the overall system, according to Singh et al. (2025). This concept
is supported by the hybrid approach that is used in this project.[7]

2.8 Robustness of PAM Models Under Data Imperfections

An aspect that often receives less attention but is highly relevant for PdM research is
robustness — the capacity of trained models to preserve their performance despite a
reduction in the quality of deployment data relative to training conditions. Industrial
sensors are subject to different modes of degradation, including systematic calibration
error buildup (bias), electromagnetic interference (spike noise), vibration influence, and
even sensor failure, leading to data with missing and zero values.[48][49]

Accordingly, Zaidi et al. (2024) focus on model robustness in autonomous PdM systems
for industrial robotics, showing that tree-based ensembles, and especially Random Forest,
are more robust to noise than linear models, while neural network architectures have
moderate robustness, varying depending on their architecture and regularisation methods.
It becomes apparent that robustness testing under realistic noise conditions should
become a staple of PdAM models benchmarking.[10]

Moreover, Kshirsagar et al. (2024) discussed the importance of designing a robust
preprocessing pipeline to'€nhance the robustness of machine learning models|in the
context 0f manufacturing maintenance prediction in PdM systems. This result validates
our experiments' design as it indicates that preprocessing has a more impactful effect than
the specific ML mode.Class imbalance, where the number of failure cases is relatively
much lower compared to the number of cases in normal operation, is another issue in
PdM that is very closely related. The AI41 2020 data set has a slight class imbalance
(=3.4% failures), which is considerably lesser than what most of the industrial data sets
have in real life, where the number of failures is less than 1%. SMOTE, a technique
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developed by Chawla et al. (2002) for tackling class imbalance, is now one of the most
popular methods in PdM literature.[18][50]

2.9 Summary and Research Gap Analysis

Ref. Authors (Year) Focus Area Dataset Key Finding / Contribution
[1] Shah et al. (2024) ML for PdM AI41 2020 RF F1 up to 0.90; quality
group matters
[2] Matzka (2020) XAI for PAM AI41 2020 XAI necessity for industrial
Al adoption
[3] Holmkvist (2024) PdM for SMEs Industrial Autoencoder viable for SME
deployment
[4] Hosseinzadeh et al. Al-based PdAM Al41 2020 Deep Forest/GB outperform
(2023) RF in some modes
[5] Jeevaguntala (2025) ML + PdM AT41 2020 RF+XGB strong on
Testing imbalanced data
[6] Waghulde et al. ML vs DL PdM Al412020 DNN F1 > 0.99; comparable
(2025) to RF
[7] Singh et al. (2025) Multi-stage PAM Al412020 Staged
anomaly+classification
outperforms
[8] Bisht et al. (2025) Hybrid ML-DL Industrial SHAP in DL maintenance
pipeline works
[9] Kshirsagar et al. ML Multi-site Preprocessing > architecture
(2024) Manufacturing for robustness
[10] Zaidi et al. (2024) | Autonomous PdM Robotics RF most noise-robust; NN
intermediate
[11] Lundberg & Lee SHAP Framework Multiple Unified, theoretically
(2017) grounded XAI
[12] Ribeiro et al. (2016) | LIME Framework Multiple Model-agnostic local
explanations

Table 2.4: Summary of Key Literature in Predictive Maintenance and XAI

From the literature review, it becomes clear that although each element of this project —
machine learning algorithms for predictive maintenance, explainable Al approaches, and
the use of autoencoders for detecting anomalies — is individually well-documented in
scientific sources, the combination of all three elements in one framework under various
realistic conditions has been poorly researched in the literature. The lack of such literature

provides justification for the experiment design in this project.[1][2][3][TT][12]
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CHAPTER 3: METHODOLOGY

3 Introduction'and Overview

In this chapter, the entire process of applying the methodology used in this work will be
detailed. In designing the experiment, all aspects must adhere to addressing the five main
goals set out in Chapter 1: supervised failure prediction, robustness testing, explainability,
anomaly detection, and cross-method XAl validation. All these design decisions are
justified based on the unique features of the dataset, knowledge gaps discussed in Chapter
2, and the real-world application scenario of Industry 4.0 production environments.[1][2]

The procedure starts with the following steps: (1) Dataset collection and exploratory
analysis; (2) Data preprocessing: identifier removal, one-hot encoding, feature scaling; (3)
Experimental setup: clean dataset creation, Gaussian noise addition, SMOTE
oversampling; (4) Model training: Logistic Regression, Random Forest, Neural Network
(MLP); (5) Evaluation: accuracy, precision, recall, F1-score, confusion matrix; (6)
Explainability using SHAP for the Random Forest model; (7) Explainability using LIME
for the Neural Network model; (8) Training autoencoders and detecting anomalies; (9)
Analysis and cross-method comparisons.[3][4]

All'the experiments were performed using Python 3.10 and run on Google Colab. The
main libraries employed are: scikit-learn (version 1.3) for Logistic Regression, Random
Forest, pre-processing, and evaluation measures; TensorFlow 2.13/Keras for Neural
Network and Autoencoder; imbalanced-learn for SMOTE; shap (version 0.44) for SHAP;
lime for LIME; pandas and numpy for data handling; and matplotlib/seaborn for
visualisation.[5][6]

3.2 Dataset Description and Exploratory Analysis

Matzka (2020) made publicly available via the' UCTMachine Léarning Repository, the
AT412020 Predictive Maintenance Dataset, which i§'now established as the benchmark
dataset for predictive maintenance using machine learning. This dataset consists of
10,000 artificial data records that have been carefully synthesised to mirror the operation
dynamics of an actual industrial milling process.[2][15]

Each entry corresponds to an instance in time when the milling process is running,
consisting of five numerical process variables, one nominal quality variable, and six
binary output labels. The dataset has a tabular structure, is complete (no missing data),
and has around a 3.4% imbalance rate among failure classes.

Feature Data Type Range / Values Physical Interpretation
UDI Integer ID 1-10,000 Unique operational record
identifier
Product ID Categorical ID L/M/H prefix + Product batch identifier
number
Type (Quality Level) Categorical L,M,H Low, Medium, High product
quality variant
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Feature Data Type Range / Values Physical Interpretation
Air Temperature [K] Continuous 295.3-304.5 K Ambient temperature around the
machine
Process Temperature [K] Continuous 305.7-313.8 K Temperature within the machining
process zone
.o Rotational Speed [rpm] Continuous 1,168=2886/rpm Spindletotational’speediduring
machining
Torque [Nm] Continuous BI8=76:6/Nm Mechanical forquelapplied to
workpiece
Tool Wear [min] Continuous 0=253'min Accumulated ool usage time|since
last replacement
.ﬂ Machine Failure Binary! Target 0 (normal), 1 1 if any failure mode occurs, 0
(failure) otherwise
TWEF (Tool Wear Failure) BinaryFlag 0/1 Tool wear exceeds quality-level
threshold
HDF (Heat Dissipation Binary Flag 0/1 Process-air temperature diff. <
Failure) 8.6K at low speed
PWF (Power Failure) Binary Flag 0/1 Power (torque x speed) outside
[3500, 9000] W
OSF (Overstrain Failure) Binary Flag 0/1 Tool wear x torque exceeds quality
threshold
RNF (Random Failure) Binary Flag 0/1 Random failure with 0.1%
probability regardless of
parameters

Table 3.1: AI41 2020 Dataset Feature Description with Physical Interpretations

Category Count Percentage Notes

Total Records 10,000 100% No missing values

Normal Operation (Machine Failure 9,661 96.61% Majority class

=0)
Machine Failure (Machine Failure = 339 3.39% Minority class
1)

N7 Training Set (80%) 8,000 - Stratified split

Test Set (20%) 2,000 - Stratified split

Expected Test Failures ~68 ~3.4% Preserved by

stratification

Table 3.2: Class Distribution in AI41 2020 Dataset

3.3 Data Preprocessing Pipeline
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Preprocessing constitutes one of the most essential phases within a machine learning
workflow. While a fairly clean dataset such as AI41 2020 can be expected, the choices
made in the preprocessing phase will greatly influence both predictive performance and
comparative analysis as well as interpretability of findings. The preprocessing pipeline
chosen for the current study includes four stages.[7][8]

3.3.1 Step 1: Dropping Non-Informative Identifiers

Preprocessing constitutes one of the most essential phases within a machine learning
workflow. While a fairly clean dataset such as AI41 2020 can be expected, the choices
made in the preprocessing phase will greatly influence both predictive performance and
comparative analysis as well as interpretability of findings. The preprocessing pipeline
chosen for the current study includes four stages.[7][8]

Two features, the UDI and Product ID, will not be included in the final feature set due to
the absence of physical meaning behind these columns; in other words, they are entirely
administrative. As they do not provide any insights into machine state or future failure
probability, their inclusion in machine learning training might lead to a noisy model and
even to data leakage depending on the setup.[9]

Type column with L=M=H=product quality level will be retained as it contains additional
information regarding manufacturing process and different machining parameters that
might affect failure probability.[2]

3.3.2 Step 2: One-Hot Encoding of Categorical Features

Variable Type is converted into its binary indicator form (Type M & Type L) by
applying one-hot encoding through the pandas.get dummies() function using the option
of the drop_first = True flag. In other words, two binary variables are generated, Type M
whose value is 1 when Type = M else 0 and Type L whose value is 1 when Type = L else
0, while Type H is the base category when Type M =0 & Type L =10.[10]

The purpose of setting the drop_first = True is to prevent the dummy variable trap of
perfect multicollinearity in case logistic regression is to be used on the dataset. However,
tree-based algorithms as well as neural network algorithms are not affected by perfect
multicollinearity of the dummies.

3.3.3 Step 3: Feature Scaling via Standardisation
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For all continuous variables (Air Temperature, Process Temperature, Rotational Speed,
Torque, and Tool Wear), we apply scikit-learn's StandardScaler which standardizes

features by centering and scaling them to unit variance: X scaled = (X - p) / 6.[12]

Scaling is necessary in the case of logistic regression due to the fact that the scale of features
influences the speed of convergence as well as the magnitude of coefficients. Within the
context of neural networks, scaling is crucial since it ensures that the computation of the
gradients during backpropagation is not biased due to the dominance of a specific feature
in determining the output. However, scaling does not affect the results yielded by Random
Forest as this algorithm is, by default, invariant to the scale of features as it uses thresholds

in splitting nodes.[13][14]

For this reason, StandardScaler is fit on the training data only; however, it will be applied
to the train as well as to the test sets. The fact that StandardScaler is fit on both the training
and test datasets would constitute a major methodological flaw, leading to information

leakage.[15]

Feature Scaling in Machine Learning

3.3.4 Step 4: Stratified [Frain=Test Split
The entire dataset is divided into 80% for training (8,000 rows) and 20% for testing (2,000
rows) via Stratified sampling. Stratified sampling helps maintain the balance of failure data

instances (roughly 3.4%) in both the training and testing datasets, which is a crucial
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requirement when dealing with an imbalanced dataset and performing evaluation on the

test dataset.[16][17]

A consistent random seed (random_state=42) is applied in all experiments to ensure that
the same training-testing split remains constant across all comparison tasks. This ensures
that differences in model performance observed are due to differences in model

capabilities and not due to different data splits.[18]

~70%
Full
Data

~15%
~15%

3.4 Experimental Conditions

Three separate data conditions have been created to test the accuracy of the models under
different conditions regarding the nature of the dataset and its distribution. The same
basic dataset has been used to form all three conditions, while changes have been made to
the training set alone in Condition 3 and to both the training and testing sets in Condition
2

3.4.1 Condition 1: Clean Baseline Dataset

Condition 1 relies on using the pre-processed AI41 2020 dataset in its unaltered state,
where no artificial distortion was introduced to the data set. Condition 1 defines the upper
limit for performance that would be achieved under optimal conditions regarding the
data's quality and serves as a base of comparison for Conditions 2 and 3.[21]
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Condition 2 represents a perfect deployment environment when sensors were properly
calibrated and data transmission did not have losses, while the distribution of training data
is exactly the same as the distribution of data used during deployment. In real-life
industrial settings, such conditions are unlikely; however, they are necessary for defining
the upper limits of model performance.[22]

3.4.2 Condition 2: Noisy Dataset
The second set of conditions uses artificial sensor noise by randomly adding perturbations
with a normal distribution to all numeric input features: X noisy = X + &, where € ~ N(0,

6%) and 6 = 0.1.[23][24]

A number of factors led to the selection of the Gaussian noise model for use in this study.
Firstly, the Gaussian noise model is the most popular model for additive sensor noise found
in both signal processing and machine learning fields. Secondly, the application of
Gaussian noise with ¢ = 0.1 results in a signal-to-noise ratio of about 10:1, which

approximates moderate levels of sensor malfunction.[25]

Both train and test sets will have noise added independently, reflecting the real-world
situation where the sensors are malfunctioning during data acquisition and inference. This

is the most realistic noise model for systems where hardware degrades uniformly.[26]

Noise Injection in a Machine Learning Pipeline

Data Augmentation

Step
Raw Training Augmented
Data Noise (Noisy) Model Weights Updated
(Clean Examples) Injection Training Data via Loss Minimization Trained Model
S —_— » (Robust to
IVWW\I Model Variance)
S S Training
Standard
R;r;?sczn Noise Signal Model Gelr?ecrrael?zsaet(ijon,
1 =] Generator ippiication Rrocessing/ Prediction [|> Decreased
Gl (Add/Multiply) Feature :
(e.g., Gaussian, Extracti Overfitting
Uniform) raction
X1:1.0 o X1:1.02 Improved
X2:0.5 ’;;82 %2:0.48 > Ianrence
X2:0.5 Model Weights Performance
Updated via Loss

Injects Controlled

Variations

Multiple variants
created for each
original sample.

3.4.3 Condition 3: SMOTE-Augmented Dataset

Minimization
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Class imbalance problem is solved by employing SMOTE on the training dataset in the
» @ third experiment. SMOTE (Synthetic Minority Over-sampling Technique) synthesizes new
samples for the minority class by generating synthetic samples using interpolation

techniques among members of the minority class.[18][27]

The procedure for applying SMOTE is as follows: For each sample from the minority class,
k nearest neighbors in the minority class are found (k=5 is the default value). One neighbor
is randomly chosen, and then the synthetic sample is generated using interpolation between
this sample and the chosen neighbor in the feature space: x_synthetic = x_original + A x

(x_neighbour — x_original), where A ~ Uniform(0, 1).[18][28]

It should be noted that SMOTE is used only on the training dataset, not on the test
dataset. This is because test data should remain as it was, to reflect real-life scenarios
accurately. The SMOTE-enriched training set is approximately equally populated by

failure and non-failure classes.[29]
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Imbalanced Dataset New Data points After SMOTE
Generated

3.5 Model Development and Architecture
The models used in this analysis include: Logistic Regression for linear methods, Random

Forests for ensemble methods, and a feedforward neural network as an example of deep
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learning. The models were fitted to all three experimental settings, giving a total of nine

training and evaluation trials.[30][31]

3.5.1 Logistic Regression

The logistic regression equation for the conditional probability of machine failure based
on the input features x takes the following form: P(Y=1|X) = o(W'x +b) =1 /(1 + exp(-
(WTx + b)), where w is the learned weight vector, b is the bias value, and o(-) denotes the
sigmoid activation function.[32][33]

During training, the loss function aims at minimising the binary c¢ross-entropy|loss: =4
[y16g(¥) + (1=y) 16g(1=9) ] subject to an E2'regularisation penalty term: Eltotal = EXBCE
+ (1/C) ||W]]>. Parameter C for L2 regularisation is set to C=1.0 (in scikit-learn, higher
values of C correspond to lower regularisation effects).[34] Ibfgs optimisation algorithm
is used since it is well suited for mid-size datasets and allows L2 regularisation;
furthermore, the default number of iterations is set as max_iter=1000.

Class imbalance is accounted for using the class weight='balanced' option, which balances
out the contribution of each class to the loss based on the inverse number of samples

belonging to that class: w_class =n_samples / (n_classes x n_class_samples).[35]

Logistic Regression

y — 'I sssosseesee

Predicted ¥
lies between
O and 1 range

Y = 0 lecceccccane
X
3.5.2 Random Forest Classifier
Random Forest consists of an ensemble of n estimators=100 decision trees; which are
trained using bootstrapping sampling techniques from the dataset. In other words, in order
to construct each individual tree, only a bootstrapped sample of the training set is used.

Moreover, at each node of each tree, the Random Forest model takes into account the
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sqrt(n_features) randomly selected features as possible candidates for further splitting
criteria in the process. Finally, the prediction in the Random Forest model is calculated

using the voting method among all 100 trees.[36][37]

In other words, using both bootstrapping (aggregating) and subsampling, the model
benefits from two factors — the decrease of the variability of the prediction results thanks
to bootstrapping and the reduction of dependence between individual trees due to

subsampling.[38]

Hyperparameters: n_estimators=100 (sufficient amount for the ensemble to converge),
random_state=42 (for reproducibility of the results), class weight="balanced' (to deal with

class imbalance issues). Criterion 'gini'. No depth limitation specified.[39]

Random Forest

Dataset
=
e Sy
=il TS
_— T
c@ ¢ » ;4
Declslim Tree-1 Decision Tree-2 Decision Tree-N
Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

3.5.3 Feed-Forward Neural Network (MLP)
The structure of the neural network reflects the basic design of a representative, efficient,

and not overly complex deep-learning approach to classification in a table format.[40][41]

Architecture: Input Layer (n_features nodes) = Dense(32 nodes, ReLU activation) —
Dense(16 nodes, ReLU activation) — Dense(1 node, Sigmoid activation). The reason
behind choosing the "ReLU activation function f(xX)=max (0;X) in hidden layers'is the

computational efficiency of this function, along with its lack of problems with the vanishing
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gradient. Sigmoid output produces the value of predicted probability between [0,1]; the
threshold used for prediction is 0.5.[42][43]

Training parameters: Optimizer — Adam, with default learning rate (Ir=0:001); Bi=0.9;
B2=0:999; Loss = Binary Cross-Entropy; Epochs — 20; Batch'size'— 32; Validation split —
20%; Class weights are calculated by sklearn.utils.class weight.compute class weight and
passed to'Keras.fit(). This measure is taken in response to imbalances in class distribution

in training data.[44]

A rather modest architecture (32-16 neurons) is used deliberately; otherwise, the model
would easily overfit on a dataset containing about 8,000 training observations and 10-12
features after encoding. The architecture can account for all non-linearities in data
effectively without being too complex or prone to overfitting and providing too

convoluted LIME explanations.[45]

Input Layer

Hidden Laver

Output Layer

3.5.4 Autoencoder for Anomaly Detection

On the other hand, the Autoencoder is created with the purpose of anomaly detection only
and it has different architecture compared to the supervised classifiers. It is being trained
in an unsupervised way on the whole scaled data set.[46][47]

Input Features: The five continuous process parameters - Air Temperature, Process
Temperature, Rotational Speed, Torque and Tool Wear - are taken as the|inputs for
learning because they characterise the core operating regime of the machine. In order not
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to contaminate learning with the information about the failure modes themselves, all the
binary failure mode flags were omitted from inputs.[48]

Architectures: Encoder: Dense(8 neurons, ReLU) — Dense(4 neurons, ReLLU)
[bottleneck]. Decoder: Dense(8 neurons, ReLU) — Dense(5 neurons, Linear output). The
bottleneck with 4 neurons reduces the input space with 5 features to a four-dimensional
latent space. Thus, the Autoencoder has to learn how to compress the input features in
order to reconstruct them in such a way that would preserve the essence of the normal
operation.[49]

Training: 50 epochs, Adam optimiser, Mean Squared Error (MSE) loss. MSE is the
common loss function for the training of the Autoencoders since it takes into account the
size of the error proportionately.[50]

Anomaly thresholding: Following the learning process, the teconstruction error (the mean
squared error between thelinputs and reconstructions) is calculated for each example from
the entire dataset. The 95th percentile from this error distribution is set as an anomaly
threshold; examples with reconstruction errors higher than this value will be considered
as anomalies. The 95th percentile is selected to identify anomalies in about 5% of all
examples as a relatively conservative anomaly threshold.[51]

Thresholding based on anomalies: Once the model is trained, the error obtained as the
mean squared error (MSE) between input and reconstruction is calculated for each
observation in the entire data set. The 95th percentile value is determined from the
distribution of errors, and this value is considered the anomaly threshold — observations
having an error greater than this value are labeled as anomalies. The reason behind
selecting 95th percentile is the detection of anomalies in about 5% of observations.

3.6 Explainability Implementation

3.6.1 SHAP Analysis — TreeExplainer for Random Forest

The SHAP analysis is performed using the TreeExplainer class of the shap library
that computes SHAP values for tree-based models in polynomial time.[11][52] The
TreeExplainer is instantiated with the trained Random Forest model and applied to
the test set to compute the SHAP values for all 2,000 test samples.[11]

Four SHAP visualizations have been created in order to provide a more
comprehensive analysis of the behaviour of the model:[11]

* Bees warm Summary Plot: Displays a plot with the distributions of the SHAP
values for all features. It shows colour-coded features values (red = high value, blue
= low value). Global importance ranking and directionality information are
provided at once. * Bar Plot: Shows the absolute mean SHAP value for all features.
This type of plot gives a clear numerical importance ranking for all features but
provides no directional context whatsoever. It is the most user-friendly visualization
type to non-technical people.

. Dependence Plot (Rotational Speed): Displays the SHAP value as a function
of the value of the Rotational Speed feature while colour-coding the Air
Temperature interaction. It shows non-linearities and feature interaction effects.

. Waterfall Plot: Local interpretation of an individual test data point and how
each feature influences the prediction by adding to the baseline prediction value of
E[f(X)] to generate f(x). Most applicable for decisions involving maintenance
activities.
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3.6.2 LIME Analysis — LimeTabularExplainer for Neural Network

LIME analysis is conducted using the lime library's LimeTabularExplainer. It takes the
training dataset, feature names, class names, and mode='classification' to initialise the
LimeExplainer object. Perturbation of 5,000 samples near the first test instance (instance
0) is conducted, predictions using the Neural Network's predict proba method are
generated, and the linear surrogate is fitted using the weights assigned based on proximity
to the original instance.[12][53]

Top five features contributing most to the output of the linear surrogate are identified, and

a horizontal bar chart is plotted to show the importance of the top five features. Positive
values of the coefficients of the linear surrogate are represented by red bars pointing to
the failure prediction direction, while negative values are shown using green bars.[12]

A predict_proba wrapper is built for the Keras Neural Network, since the Keras neural
network does not support output of the probability of each class for multi-class
classification problems.[54]

3.7 Evaluation Metrics

Evaluation of the model will be done through an exhaustive set of measures that capture
the performance of classification in several ways especially considering the class
imbalance in the failure prediction scenario.[55][56]

Metric

Formula

Industrial Interpretation

Accuracy (TP + TN) /(TP + TN + FP + FN) Overall correct classification rate
Precision’ (Failure Class) TP / (TP + FP) Fraction of predicted! failures thatiare
real — low FP rate
Recall / Sensitivity TP/ (TP + EN) Fraction of real failures detected —
.@ low FN rate, ritical for safety
F1-Score 2 x Prec x Rec / (Prec + Rec) Balanced summary of precision and
recall
Macro Avg F1 Mean of per-class F1 scores Balanced performance across both
classes
Weighted Avg F1 Class-weighted mean F1 Overall performance weighted by

class size

Table 3.4: Evaluation Metrics and Their Interpretation for Industrial PdM

In terms of PdM, the importance of Recall in terms of failure class cannot be ignored. If
the classifier misses a failure case, then the system will have to shut down unexpectedly
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which may cause equipment damage or even accidents in worst-case scenarios. Thus, the
consequences of making a false negative will be much higher than those of making a false
positive. In most cases, models with good recall even though they have lower precision
values are favored.[57][58]
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Introduction

In this chapter, the results from the experiments conducted under three different
conditions using the supervised classification model, explainability analysis on SHAP and
LIME, and anomaly detection with the use of autoencoders will be examined, analysed
and interpreted. This result presentation is achieved through incorporating the graphics
produced by the Python programme and analysis and interpretation using domain
knowledge of the AI41 2020 dataset.[1][2]

This chapter will progress in the following order; section 4.2 will have the baseline
results, section 4.3 will discuss the robustness of the algorithm under Gaussian noise,
section 4.4 will provide an analysis of results post-SMOTE, section 4.5 will contain
analysis of results under three conditions, sections 4.6 to 4.9 will discuss the
explainability results and anomaly detection with autoencoders and finally section 4.10
will conclude the chapter.

4.2 Experiment 1: Clean Baseline Dataset

The experiment with the clean baseline tests all three models on the preprocessed Al41
2020 dataset in its raw format. The results obtained serve as the maximum performance
threshold for testing how well each model copes with noise and SMOTE preprocessing.
The training sample used for all three models includes 8,000 records, while the test
sample comprises 2,000 records (containing about 68 failures; 3.4% of 2,000 records).

4.2.1 Logistic Regression — Normal Dataset

However, Logistic Regression demonstrates excellent results on the cleaned-up data set,
where all of precision, recall, and F1 for the non-failure category (class 0) are equal to
1.00, while Precision = 1.00, Recall =0.97, and FI'=0.99 for thelfailure category (class
1). Accuracy in general is 1.00 (which is rounded from 0.999). This amazing result may
seem unexpected due to logistic regression assumptions, but, in fact, can be explained by

the fact that in the standardized feature space, most boundaries between failures in the

AT41 2020 data set are almost perfectly linear.[7][8]

The Recall = 0.97 for failure cases implies that 2 out of 68 examples in the test set that
represent the failure case are wrongly classified to the normal category. This very low

level of the false negatives ratio will be considered extremely acceptable in virtually any
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predictive maintenance application.[9]

precision recall fl-score support

2 1.ee 1.e0 1.00 1932

1 1.ee 0.97 .99 68

accuracy 1.0 20002
macro avg 1.2 .99 ©.99 2000
weighted avg 1.e0 1.e0 1.00 2000

[Figure: Figure 4.1: Classification Report — Logistic Regression (Normal Clean Dataset).
[Precision=1N00NRecallI=007NEI=099  or f@lfailure class. Overall accuracy=1.00.]
4.2.2 Random Forest — Normal Dataset
For the same dataset, Random Forest has the same precision, recall, and F1 score results

as Logistic Regression: Precision =1.00, Recall =0.97, F1'=0.99,7and|Accuracy = 1.00

for the failure class; macro-average F1 = 0.99, and weighted-average F1 = 1.00.

As Random Forest consists of an ensemble of trees, its nature automatically includes a
smoothing process that removes errors arising in regions near boundaries made by
individual trees. As the number of data points is high (8,000) and the number of attributes
is low (only 10-12), even 100 trees are plenty enough.[12]

precision recall fl-score support

2] 1.ee 1.e0 1.00 1932

1 1.20 0.97 0.99 68

accuracy 1.00 2000
macro avg 1.00 0.99 0.99 2002
weighted avg 1.ee 1.e0 1.090 2002

[Figure: Figure 4.2: Classification Report — Random Forest (Normal Clean Dataset).
PreGiSion=I00SRECaU=0TMRIE099) | acro Avg [F1=199.]

4.2.3 Neural Network — Normal Dataset

Random Forest has the same Precision, Recall, and F1 score values for the same dataset as

Logistic Regression: Precision =1.00, Recall =0.97, F1'=0.99,7and Accuracy = 1.00 for

the class “failure”; macro-average F1 = 0.99, and weighted-average F1 = 1.00.

Random Forest is an ensemble classifier comprising many trees. So by nature, this

classification algorithm has a smoothing effect which helps to eliminate any errors that
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occur near the boundary created by individual trees. In this problem, there is sufficient

data (8,000 observations) and a small number of attributes (10-12); therefore, 100 trees

will be enough.[12]

63/63 os 2ms/step
precision recall fil-score support
2 1.e@ 1.0 1.0 1932
1 2.89 .97 ©.93 &8
accuracy .99 2000
macro avg .95 .98 .96 2000
weighted avg 1.e@ ©.99 1.00 2002

[Figure: Figure 4.3: Classification Report — Neural Network (Normal Clean Dataset).
Precision=0.89, Recall=0.97, F1=0.93. Accuracy=0.99.]

4.3 Experiment 2: Noisy Dataset

The noisy data set condition is the most significant among the three in terms of practical
applicability because the real-world conditions in an industry setting entail problems such
as calibration drift, electromagnetic interference, and uncertainty while measuring values.
Independent noise generation with the value of 6 = 0.1 for the Gaussian distribution is
performed on all continuous attributes. [17][18]

4.3.1 Logistic Regression — Noisy Dataset
Logistic Regression shows exceptional robustness against Gaussian noise, achieving
" Precision = 1.00, Recall = 0.97, and F1 =0.99 on the failure class — the same results as the

noise-free model’s baseline performance. Accuracy stays the same at 1.00. Macro average

F1 =0.99; Weighted average F1 =1.00.[19]

This noise robustness can be explained mathematically: Logistic Regression creates a linear
hyperplane decision surface. In case of Gaussian noise applied to features, the effect of this
noise applies equally to both training and testing data. Assuming that the decision boundary

is sufficiently well-separated (that is, the distance between distributions of failures and non-
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failures is sufficiently large), the noise won’t be enough to move many instances across the

boundary. The AI4I 2020 dataset has enough linear separability for

LR to exhibit such robustness.[20]

precision recall fil-score support

= 1.ee 1.00 1.00 1932

1 1.ee 0.97 .99 68

accuracy 1.00 2000
macro avg 1.ee 0.99 ©.99 2000
weighted avg 1.e0 1.00 1.00 2002

[Figure: Figure 4.4: Classification Report — Logistic Regression (Noisy Dataset). Unchanged
from clean baseline: F1=0.99. Exceptional noise robustness.]

4.3.2 Random Forest — Noisy Dataset
There is some degradation with Random Forest model in response to Gaussian noise with

failure class Precision = 0.98, Recall = 0.93, and F1 = 0.95 (4-point decrease in F1 score

" @ relative to clean baseline — 0.99). There is no much degradation in overall accuracy. Macro-

average F1 = 0.96, weighted-average F1 = 1.00.[21][22]

Degradation is mostly due to the reduction in Recall (0.93 against 0.97 in clean case),
implying that noisy version of RF will miss about 5 more failure instances in test data
compared to its clean version. It physically makes sense since Random Forest algorithm is
based on decision trees and uses certain values as feature boundaries, and adding Gaussian

noise may push border-line instances to the other side of boundary line.[23]

However, even with such degradation F1 = 0.95 achieved is quite good. Such results would
be considered outstanding in many industrial Predictive Maintenance applications.
Robustness of Random Forest is related to bagging algorithm used during its

implementation, where each decision tree gets trained on its own bootstrap sample.

precision recall fil-score support

=] 1.ee 1.e0 1.00 1932

1 90.98 .93 .95 68

accuracy 1.00 2000
macro avg 9.99 ©.96 .98 2000
weighted avg 1.ee 1.ee 1.0 2002
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[Figure: Figure 4.5: Classification Report — Random Forest (Noisy Dataset). Precision=0.98,
Recall=0.93, F1=0.95. Moderate noise-induced degradation.]

4.3.3 Neural Network — Noisy Dataset

The Neural Network shows a surprising yet theoretically explainable result in the
presence of noise: the performance of this method improves compared to the case with no
noise, where the failure class gets Precision = 1.00, Recall = 0.96, and F1 = 0.98, while in
the clean setting, the results were lower, with F1 being equal to 0.93 for that class.
Overall accuracy = 1.00. The macro average F1 = 0.98.[25][26]

The improvement in the performance when noise is present can be easily explained by
considering the phenomenon of noise injection as implicit regularisation, which is well-
known in the deep learning literature. In particular, the addition of the Gaussian noise to
the training data helps to avoid overfitting by the model because in such a way, the model
cannot use the exact feature values of particular training examples, which results in
learning smooth decision boundaries for distinguishing between failures and non-failures
based on broader distributional differences.[27]

However, the increased accuracy from 0.89 (clean) to 1.00 (noisy) is especially noticeable
since the noise makes the predictions less biased by removing the false positives that the
model trained on clean data was giving, thereby generating a more appropriate boundary
for classification based on the test data. From an application perspective, this means that
in practical situations where there is some sensor noise, neural networks do not have to
take as much care to be resistant to noise.[28]

precision recall tl-score support

%) 1.22 1.00 1.00 1932

| 1.22 0.96 .98 68

accuracy 1.00 2002
macro avg 1.22 0.98 .99 2000
weighted avg 1.0 1.00 1.00 2000

[Figure: Figure 4.6: Classification Report — Neural Network (Noisy Dataset). F1 improves to
0.98. Noise acts as implicit regularisation — counter-intuitive but theoretically sound.]

4.4 Experiment 3: SMOTE-Augmented Dataset

The purpose of the SMOTE experiment is to see if the use of oversampling on the
minority (failure) class of training data can improve the model's results in the natural
class distribution in the testing data. SMOTE is only used on the training data, where the
failure class still comprises around ~3.4%.[29][30]

4.4.1 Logistic Regression — SMOTE Dataset
For Logistic Regression trained with SMOTE, we get Precision, Recall, and F1 for Failure
class to be 1.00, 0.97, and 0.99 respectively — same performance across all three scenarios

(clean dataset, noise, and SMOTE). The fact that F1 score remains at 0.99 regardless of the
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situation is quite surprising and indicates that the basic nature of Logistic Regression makes

it highly competitive on this problem.[31]

Identical performance of Logistic Regression in SMOTE and in other two scenarios shows
that class imbalance up to a certain limit (~3%) did not pose any serious challenges to
Logistic Regression because it could overcome them by virtue of having class weight
balanced by using classweight="balanced'. SMOTE did nothing more than this as Logistic
Regression gets enough input from the minority failure class by class-weighted loss

function.[32]

precision recall fl-score support

= 1.ee 1.e0 1.00 1932

1 1.ee 0.97 ©.99 63

accuracy 1.00 2000
macro avg 1.ee 0.99 .99 2002
weighted avg 1.e0 1.e0 1.00 2002

[Figure: Figure 4.7: Classification Report — Logistic Regression (SMOTE Dataset). F1=0.99,
identical to all other conditions. SMOTE provides no additional benefit for LR.]

4.4.2 Random Forest — SMOTE Dataset

Random Forest trained using SMOTE obtains a precision of Failure class = 1.00, recall =
0.97, F1 = 0.99, the same as obtained from the baseline case; thus, it indicates a total
recovery from the F1 score of 0.95 in the case where training is conducted using noisy

conditions. The overall accuracy = 1.00, while macro-average F1 = 0.99.[33][34]

This implies that SMOTE does offer some form of improvement since the improvement
on F1 score from F1 = 0.95 in the noise condition to F1 = 0.99 after the use of SMOTE

proves that SMOTE offers an improvement when training is done on Random Forest
because SMOTE generates synthetic cases within the feature spaces of failure cases
in the training set.[35]

precision recall fl-score support

2 1.ee 1.e0 1.00 1932

1 1.ee .97 .99 68

accuracy 1.00 2000
macro avg 1.ee .99 .99 2002
weighted avg 1.e0 1.e0 1.00 2000
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[Figure: Figure 4.8: Classification Report — Random Forest (SMOTE Dataset). F1=0.99. Full
recovery from noise-induced degradation. SMOTE provides genuine boundary improvement.]

4.4.3 Neural Network — SMOTE Dataset

Precision of Neural Network with SMOTE training is Failure Class Precision =0.91, Recall
=0.94, F1 =0.93, identical to those achieved with clean data. Accuracy is 0.99. The Macro-
Average F1 is 0.96.[36][37]

Neural Network with SMOTE training is the only one of the three for which the results
under SMOTE are mixed, more nuanced than those obtained for Decision Tree and Naive
Bayes. While recall increases slightly compared to the clean data (0.94 vs 0.97), precision
decreases slightly (0.91 vs 0.89). This means the effect of SMOTE in this case is almost
neutral, as expected, since the issue is not class imbalance but training set being relatively

small compared to the number of parameters of the classifier.[38]

It should be noted that, while precision under SMOTE decreased slightly (0.91) relative
to that on clean data (0.89), this is likely a consequence of synthetic samples created by
SMOTE falling into feature spaces not covered by the actual failure data distribution — a
well-known weakness of SMOTE in high-dimensional spaces.[39]

precision recall fil-score support

=} 1.2 1.00 1.00 1932

1 0.91 0.94 2.93 68

accuracy 9.99 2000
macro avg .96 0.97 2.%96 2000
weighted avg 1.ee 0.99 1.00 2000

[Figure: Figure 4.9: Classification Report — Neural Network (SMOTE Dataset). F1=0.93, similar
to clean baseline. SMOTE impact is neutral for NN on this dataset.]

4.5 Consolidated Performance Analysis

Below follows the consolidated experimental results table and analysis.[40][41]

.9 Condition Acc. Prec.(0) Rec.(0) Prec.(1) Rec.(1)
CogisticiReg. Normal 1.00 1.00 1.00 1.00 0.97 0.99
Logistic Reg. Noisy 1.00 1.00 1.00 1.00 0.97 0.99
Logistic Reg. SMOTE 1.00 1.00 1.00 1.00 0.97 0.99
Random Forest Normal 1.00 1.00 1.00 1.00 0.97 1.00
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.Q Condition Acc. Prec.(0) Rec.(0) Prec.(1) Rec.(1) F1(1)
Random Forest Noisy 1.00 1.00 1.00 0.98 0.93 0.95
Random Forest SMOTE 1.00 1.00 1.00 1.00 0.97 0.99
Neural Network Normal 0.99 1.00 1.00 0.89 0.97 0.93
Neural Network Noisy 1.00 1.00 1.00 1.00 0.96 0.98
Neural Network SMOTE 0.99 1.00 1.00 0.91 0.94 0.93

Table 4.4: Consolidated Model Performance Summary Across All Conditions. Class 0 = Normal,; Class 1 =
Failure. Support for class 1 = 68 instances.

Cross-model analysis yields three performance profiles. Logistic Regression provides
consistent performance across all three conditions, with perfect score (F1=0.99) and no
variance. Consistent performance profile makes this method highly suitable for resource-
limited environments and recommended for deployment as a first choice.[42]

Random Forest presents peak performance (F1=1.00 on clean data) but is sensitive to
noise (F1=0.95) before returning to peak performance after SMOTE (F1=0.99).
Performance profile of RF indicates its use for data of higher quality or in cases where
SMOTE augmentation is possible but requires extra precautions for deployment on noisy
data.[43]

Neural Network has by far the most peculiar performance profile among all tested
methods, with minimum performance on clean data (F1=0.93), maximum under noise
(F1=0.98) and equal to clean data under SMOTE (F1=0.93). This variability highlights
that the performance of NN is extremely condition-dependent and that noise injection acts
as a regularizer in this case. Deployment of this algorithm would be the best fit for
moderately noisy sensors.[44]

4.6 F1-Score Comparison Across All Conditions

The grouped bar graph as presented in figure 4.10 offers an instant visualization of the
model performance under all nine experimental conditions (3 models x 3 conditions).
This is organized such that models are listed along the x-axis while colors differentiate
different datasets, thus facilitating comparison between conditions under each model.[45]
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Comparison of Model Performance Across Different Datasets

N Normal Dataset
1.00 A B Noisy Dataset
W SMOTE Dataset
0.98 -1
£ 096
"3
v
-
[+
0.94 1
0.92 1
0.90 -

Logistic Regression Random Forest Neural Network

[Figure: Figure 4.10.: F1-Score Comparison — All Models Across Normal, Noisy, and SMOTE
Dataset Conditions. Blue=Normal, Orange=Noisy, Green=SMOTE.]

This can be observed clearly from the graph provided above. One thing that stands out in
the logistic regression graph is the almost equal heights of all the bars. This uniformity is
the major strength of the model. The only thing that stands out in the random forest
orange bar is the dip in it, while all the other bars show high performance.[46]

4.7 SHAP Global and Local Explainability

SHAP analysis performed on the trained Random Forest via TreeExplainer represents the
main form of explainability used in this project. Four SHAP plots created give
increasingly detailed information regarding the model’s behavior, from general feature
importance across the whole population to specific instance-wise interpretation.[11][20]

4.7.1 Beeswarm Summary Plot — Global Feature Importance

Probably the most informative plot of XAl techniques, the beeswarm summary plot for
SHAP values can be found in Figure 4.11 below. This plot includes 2,000 dots (instances)
for every feature, plotted along the x-axis by their SHAP value (positive values push
towards failure; negative values — towards non-failure), and colored according to their
value (red — high; blue — low). Vertical variance shows the spread of SHAP values.[11]
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[Figure: Figure 4.11. SHAPIBeeswarn>.mmary PlotRGndonmEorestlreetxplainer) 1 est Set).
[Featuresiranked by nean|SHAPYalue|. Red=high featurevalie) Blue=ow.]

The careful analysis of Figure 4.11 will provide the following conclusions regarding the
operation of each feature:[11]

PWF (Power Failure flag): The most important feature with a huge margin of difference.
High PWF (red dots) occur at high SHAP values (0.2-0.4), leading to predicted failures.
Low PWF (blue dots) correspond to moderately negative SHAP values (lowering failure
probability). Perfect cluster separation demonstrates that PWF is practically a
deterministic predictor of failures in case it is high.[11]

HDF (Heat Dissipation Failure) and OSF (Overstrain Failure): Similar behavior as PWF.
Features corresponding to the existence of certain failure modes are clearly pushing
towards predicted failure (high — positive SHAP, low — negative SHAP). As mentioned
above, this makes sense because these flags show which particular failure modes are
observed.[11]

Rotational Speed [rpm]: Represents the most interesting trend among continuous
variables — a bimodal SHAP distribution with extremely low (blue dots on positive
SHAP) and extremely high (red dots on positive SHAP) rotational speeds raising the
likelihood of failure, whereas mid-range rotational speeds (centred around the
distribution’s center) drive predictions to non-failure. In other words, the U-shape risk
curve mirrors the nature of rotational speed when too little of it (i.e., insufficient cutting
force) increases risk of stall, as does too much of it (i.e., overheating and overstressing the
tool).[11]

TWF (Tool Wear Failure): Values with higher tool wear failures always positively affect
SHAP values, which makes perfect sense since tool wear failure implies exceeding the
tool wear level by passing a specific quality-level threshold, which automatically leads to
failure.[11]
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Torque [Nm]: More pronounced torque (red dots) typically correlates with higher SHAP
values; more precisely, a high torque indicates heavy cutting load for the tool and the
entire spindle assembly. Variability in SHAP values related to torque implies the
existence of other factors influencing it, specifically rotational speed and tool wear.[11]

Air Temperature [K], Tool Wear [min], Type M, Type L: The distribution of SHAP
values for these attributes is tight, and their absolute means are relatively small,
suggesting that they play only a minor role in global importance. They are still relevant
but less important than the modes of failure and primary input variables.[11]

.@ 4.7.2 Feature Importance BafjiPlot
The SHAP bar graph ranks all|global features by the meanof their absolute SHAP value;

that is, th€'absolute value of the impact made on the prediction of each individual case. It
is the most understandable SHAP graph for displaying rankings of features to laymen

audiences.[11]

PWF

HDF

OSF

Rotational speed [rpm] _
rwr |
Torque () |
Tool wear [min] _
Air temperature (K] _
Type M -
Type_L -

0.00 0.02 0.04 0.06 0.08 0.10
mean(|SHAP value|) (average impact on model output magnitude¢

®0 [Iigure: Figure 4.12: SHAP Feature Importance Bar Plot. Mean Absolute SHAP Values i
Rank Feature Mean Feature Type Operational Action
|SHAP|
1 PWF — Power Failure ~0.105 Binary failure flag Monitor power
consumption range
2 HDF — Heat Dissipation ~0.093 Binary failure flag | Check cooling system and
Failure temperature differential
3 OSF — Overstrain Failure ~0.088 Binary failure flag Review torque-wear

threshold compliance
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Feature

Mean
|[SHAP|

Feature Type

Operational Action

4 Rotational Speed [rpm] ~0.070 Continuous process Maintain speed within
parameter optimal operating range
5 TWF — Tool Wear Failure ~0.060 Binary failure flag | Schedule tool replacement
at wear threshold
6 Torque [Nm] ~0.050 Continuous process Monitor for overload
parameter conditions
7 Tool Wear [min] ~0.040 Continuous process Track cumulative tool
parameter usage time
8 Air Temperature [K] ~0.022 Environmental Ensure adequate ambient
temperature control
9 Type M (Medium Quality) ~0.012 Categorical Quality-level specific
maintenance protocols
10 Type L (Low Quality) ~0.009 Categorical Quality-level specific
maintenance protocols

Table 4.5: SHAP Feature Importance Rankings with Operational Interpretations

The implications of this feature ranking have important practical implications for the
decisions related to maintenance. Of all the ranked features, the three binary features that
indicate the failure modes (PWF, HDF, OSF) stand out as carrying the bulk of predictive
power provided by the model. Operationally, however, these features only serve as
signals indicating the results of certain operating conditions, and not the conditions
themselves.[47]
Of all the continuous features, those which stand out operationally include Rotational
Speed (ranked 4th, mean absolute SHAP value = 0.070), and Torque (ranked 6th, mean

7 turnitin

absolute SHAP value = 0.050). Being the two features that can be controlled and
manipulated by machine operators and process engineers directly, they should become the
focus of operational activities aimed at reducing the probability of failure.[48]

4.7.3 SHAP Dependence Plot — Rotational Speed
Dependence Plot for Rotational Speed in SHAP highlights how the effect of the feature on
the probability of failure varies over all the possible values of rotation speed, with the added

dimension of its effect on Air Temperature, denoted by colors.[11]
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[Figure: Figure 4.13: SHAP Dependence Plot — Rotational Speed [rpm] vs Air Temperature [K].
U-shaped failure risk at extreme speeds; temperature interaction visible.]

As Figure 4.13 demonstrates, Rotational Speed exhibits a clear U-shaped SHAP value
profile: SHAP values are positive (high failure risk) both at extremely low standardised
Rotational Speeds (-1.5 and below, corresponding to roughly 1200-1400 rpm on the
original scale) and extremely high standardised Rotational Speeds (over 4, corresponding
to roughly 2600+ rpm on the original scale). SHAP values at moderate speeds (0-2
standardised, corresponding to 1600-2200 rpm on the original scale) are close to zero or
even negative, making these speeds safe.[11]

The interaction with Air Temperature (represented by the colour of dots) demonstrates
that at extremely high and low rotational speeds, high air temperature (red dots) increases
the failure risk more than low air temperature (blue dots) does at the same speed. The
reason for such an interaction seems physically obvious: when the ambient temperature is
high, the process becomes less efficient in terms of cooling, adding extra strain to the
machine at excessive speeds. Such interactions can only be identified with SHAP, but not
with explanations based solely on feature importance.[11][49]

For maintenance engineers, this dependence diagram offers an immediately applicable
operational limit: Rotational speeds must remain within the range of around 1600 to 2200
rpm under typical conditions; however, this limit requires special attention in high-
temperature environments because the danger of failure increases near the limit.[50]

4.7.4 SHAP Waterfall Plot — Single Instance Explanation
Waterfall Plot

The most detailed and actionable interpretation of the SHAP value is the waterfall plot
because it offers an overall picture of the contribution of all features that have pushed the

prediction towards the model output starting from the base rate of the population.[11]
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[Figure: Figure 4.14: SHAP Waterfall Plot — Test Instance 0. Base value E[f(X)]=0.50. Final
prediction f(x)=0.03. PWF, OSF, HDF drive toward non-failure.]

The waterfall interpretation of instance 0 is presented in Figure 4.14. Firstly, the base
prediction of E[f(X)] = 0.50 shows the average predicted probability of failure for the
entire training set. The base prediction is then adjusted according to the feature values of
instance 0:[11]

. PWF =-0.102 (Iow): SHAP = -0.20 and indicates a non-failure since low power
failure flag implies that the power is within acceptable limits.

. OSF =-0.102 (low): SHAP =-0.16 and indicates a non-failure since low
overstrain failure flag implies that the product of torque and tool wear is below the
threshold.

. HDF =-0.104 (low): SHAP =-0.14 and indicates a non-failure since low heat

dissipation failure flag implies that the temperature difference is acceptable.

. Torque = 2.265 Nm: SHAP = +0.09 and increases failure probability slightly due
to elevated torque.

. Rotational Speed = -1.074 (standardised): SHAP = +0.07 and increases failure
probability slightly since speed is at the lower boundary of acceptable values.

. Remaining features have SHAPs with negative values and strengthen the non-
failure prediction.

As such, these contributions result in the lowering of the base prediction of 0.50 to obtain
f(x) = 0.03, meaning that the overall impact of feature contributions results in a reduction
of the base probability of 0.50 to an eventual output prediction of f(x) = 0.03 — the
model’s certainty that this observation is not a failure is 97%. An example of this sort of
feature contribution per instance level explanation offers maintenance engineers
everything they need for verifying machine learning decision-making, since the machine
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can be considered safe due to normal values of all relevant features, even though there
were some issues with torque and rotation rates.[11][51]

4.8 LIME Local Explanation for Neural Network

LIME analysis offers a different, local explanation methodology for the Neural Network.
While SHAP employs game-theoretical feature importance that can be applied to any
machine learning algorithm, LIME locally models the behavior of the neural network using
an interpretable linear model. Thus, LIME becomes especially useful when explaining

neural network predictions to those more familiar with linear model behavior.[12][21]

Local explanation for class Failure

PWF <= -0.10

TWF <= -0.07 A1

HDF <= -0.10 1

OSF <= -0.10 1

RNF <= -0.04 1

-0.8 -0.6 -0.4 -0.2 0.0 0.2

[Figure: Figure 4.15: LIME Local Explanation — Neural Network Prediction for Test Instance 0.
Red=toward Failure; Green=toward Non-Failure.]

Figure 4.15 shows the LIME explanation for test sample 0 with the Neural Network. The
bar chart depicts the top 5 important features from the perspective of the linear surrogate
model. Red bars represent the features that force the Neural Network's prediction towards
the Failure class while the green ones towards Non-Failure.[12]

From the graph, the LIME explanation includes the following features:

(1) PWF <-0.10 — strong push toward Non-Failure (the value of the green bar = 0.8). (2)
TWF <-0.07 — push toward Non-Failure. (3) HDF <-0.10 — push toward Non-Failure. (4)
OSF <-0.10 — push toward Non-Failure. (5) RNF <-0.04 — weak push toward Failure
(red bar).[12]
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The consistency between SHAP and LIME results concerning this test sample cannot be
ignored — both explanations agree on which features play an important role in predicting
the non-failure result. Also, there is an agreement on the direction of the
impact.[11][12][52] This point is very practical since one can argue that the feature
attribution results provided by two different methods give more confidence compared to a
single result.

Feature SHAP Direction LIME Direction Agreement

PWF Non-Failure (—0.20) Non-Failure (—0.80) v Full Agreement

HDF Non-Failure (—0.14) Non-Failure v Full Agreement

OSF Non-Failure (—0.16) Non-Failure v Full Agreement

TWF Non-Failure Non-Failure v Full Agreement
Torque Failure (+0.09) Not in top 5 Partial — not
contradictory
Rotational Speed Failure (+0.07) Not in top 5 Partial — not
contradictory

RNF Small effect Failure (small) Consistent direction

Table 4.6: SHAP vs LIME Explanation Comparison for Test Instance 0 — Cross-Method Validation

4.9 Autoencoder Anomaly Detection

AutoEncoder-based Anomaly Detection is performed independent of the supervised

.@ classifiers, where training is done only using operational variables Such'as Alit
Temperature, Process Temperature, Rotational Speed, Torque, Tool Wear. After training
the' autoencoders for 50 iterations, the reconstruction error is determined for all the 10,000
samples in the dataset.[53][54]

Reconstruction Error Distribution

Frequency

0.10 0.15 0.20
Reconstruction Error

[Figure: Figure 4.16: Autoencoder Reconstruction Error Distribution. Red dashed line = 95th
percentile threshold (=0.044). ~500 instances flagged as anomalous.]
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From Figure 4.16, it is clearly evident that the reconstruction error follows a distribution
which is highly right-skewed as expected in case of a well-trained Autoencoder operating
on a mostly normal dataset. Most data points (about 95 percent) have their reconstruction
errors below the threshold value of 0.044 — the 95th percentile, signifying that they have
been reconstructed correctly through the Autoencoder. However, about 500 data points
have higher reconstruction errors above the threshold value and are therefore considered
to be anomalies.[55][56]

The distribution pattern gives assurance that the Autoencoder has been able to effectively
learn the features of normal operations. If the reconstruction error was to follow a bell
curve or was uniformly distributed, then it would mean that the Autoencoder had failed to
distinguish between normal and abnormal behavior; otherwise, this right-skewed

distribution is the correct pattern.[57]

Metric Value Percentage Interpretation
Total Instances Analysed 10,000 100% Full dataset
95th Percentile Threshold =~ 0.044 - Anomaly cutoff value
Instances Below Threshold (Normal) ~9,500 ~95% Consistent with normal
patterns
Instances Above Threshold ~500 ~5% Flagged as anomalous
(Anomalous)
Labelled Failures (Machine 339 3.39% Reference for validation
Failure=1)
Anomaly Flags Overlapping with High overlap — Confirms detection

Labelled Failures

effectiveness

Table 4.7: Autoencoder Anomaly Detection Summary Statistics

By cross-referencing the ~500 flagged anomalies against the labels in the Machine
Failure column, there appears to be substantial overlap between flagged anomalies and
labelled machine failures — indicating that the Autoencoder’s unsupervised anomaly
detector algorithm is capable of accurately detecting anomalies associated with machine
failure even in the absence of failure labels during training.[58][59]

With ~500 flagged anomalies in comparison to 339 labelled machine failures, we may
conclude that: (1) the Autoencoder algorithm detects most of the labelled machine
failures (high sensitivity); and (2) the algorithm detects some anomalies which did not
result in machine failure but which represent genuine operational anomalies which should
nevertheless be investigated (possible precursors to a failure in other operational
environments).[60]
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Thus, the result highlights the value of having both supervised and unsupervised
algorithms working together, where the former are optimised for detecting the labelled
failures while the latter can detect additional anomalies.[61]

4.10 Synthesis of Key Findings

In summary, the experimental results reported in this chapter lend evidence to support the
following key conclusions, which answer directly the objectives stated in Chapter 1 and the
research gap identified in Chapter 2:[1][2][3]

1.All three models tested show excellent performance on the AI41 2020 clean dataset (F1
scores from 0.93 to 1.00), consistent with the findings reported by Shah et al. (2024),
Waghulde et al. (2025), and Jeevaguntala (2025).

2.The Logistic Regression outperforms the other two models in terms of practical
effectiveness since it offers the highest consistent (variance = 0) F1 score across all three
experiments (F1=0.99).

3.While the Random Forest reaches the maximum peak performance (F1=1.00) among the
three models, it suffers the most from Gaussian noise, with its F1 score falling to 0.95
before being completely recovered via SMOTE augmentation (F1=0.99).

4.Unlike the other two models, the Neural Network demonstrates surprising performance
improvement with noise, raising F1 from 0.93 to 0.98. Such phenomenon implies the
effectiveness of injecting noise as an implicit regulariser in training this particular type of
neural network on this specific dataset.

5. No advantage is gained by using SMOTE for Logistic Regression (already balancing
classes by weight); however, SMOTE enables Random Forest to be recovered from the
impact of noise while being neutral for the Neural Network's results.

6. Both SHAP and LIME agree on the leading features contributing to the predictions
(PWF, HDF, OSF when encoded as failure flags; Rotational Speed and Torque as
numeric predictors), which increases the credibility of the explanation output obtained
with both methods.

7. The Autoencoder detects operational anomalies without labels, with the presence of
skewness in reconstruction error distribution verifying the success of anomaly detection.
There is a substantial intersection between flagged anomalies and labelled failures.
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CHAPTER 5: CONCLUSION, FUTURE SCOPE AND
SOCIAL IMPACT

5.1 Summary and Conclusion

The current major project seeks to answer a complex yet practically important Industry
4.0 challenge: is it possible to develop a predictive maintenance system that is accurate,
robust enough to handle realistic data shortcomings, interpretable with the help of state-
of-the-art explainable Al tools, and capable of unsupervised anomaly detection in
addition to traditional supervised methods? The experimental results of the current project
offer a positive answer to this question, suggesting a relatively simple roadmap for
developing such a solution.[1][2]

.@ The current study systematically implements and compares three popular maching
learning models, including Logistic Regression, Random Forest Classifier, and Feed-
Forward Neural Network in three experimental settings: clean data, synthetic noise
injected into data, and data augmented using SMOTE. These experiments yield a
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comprehensive insight into comparative performances of the studied models that are
directly relevant to real-life application.[3][4]

One of the most remarkable results of this study is the remarkable constancy of Logistic
Regression: F1=0.99 in all three types of datasets with zero variance. It is an excellent
example of how the model complexity should always be justified based on data and use
case properties and not taken for granted. As it turns out, in the case of a highly
engineered Al41 dataset, a simple linear classifier is capable of competing with far more
complex ensemble and deep learning methods.[5][6]

As expected, Random Forest proved to be the best model in terms of peak performance
with high-quality data: F1=1.00 on clean data and recovery to the same point with
SMOTE augmentation. However, its relative vulnerability to Gaussian noise (F1=0.95)
remains the only performance drawback of this algorithm when used in noisy
environments. Yet again, it can be overcome with the help of data augmentation.[7][8]

In particular, the ability of the Neural Network to improve its result in response to noise —
increase in F1 from 0.93 to 0.98 upon injection of noise to training and test datasets —
could be viewed as the most theoretically interesting discovery made during the project.
Regularisation effect due to noise injection in neural network training processes has been
widely discussed in deep learning studies; yet, such results have been seldom observed
for the field of PAM.[9][10]

While the performance analysis itself was the main objective of this project, its
explainability module can be considered as the most significant outcome aside from that.
Converging results yielded by SHAP and LIME analysis, in terms of dominant feature
identification, allow us to obtain greater reliability regarding the explanations themselves.
The dependence plot created using SHAP analysis for the Rotational Speed feature shows
the U-shaped dependency of the failure likelihood on the rotation speed, which is highly
useful information from the perspective of operational activities. Meanwhile, the SHAP
waterfall plot for a single instance allows demonstrating how to make instance-specific
explanations to maintenance engineers based on the system operation.[11][12]

Lastly, the third module created during this project is the anomaly detection module based
on Autoencoders.

The final component of this PAM architecture is the Autoencoder anomaly detection
module, which provides an unsupervised anomaly detection approach. It learns from the
distribution of the reconstruction error, and a high overlap between the detected
anomalies and the known failures proves the efficiency of this technique.[13][14]

In sum, this PdM solution offers an end-to-end explainable framework for accurate and
robust Predictive Maintenance, addressing all the above-stated criteria at once —
something rarely seen in the current literature.[15]
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5.2 Future Scope

The results yielded by the current project can inspire further research directions for both
research and practical development. The following six directions are among those which
could be considered.[16]

5.2.1 Multi-Class Failure Mode Prediction

This project studies a binary machine failure prediction — failure/no failure. The obvious
and useful direction is the use of multi-class prediction where failure will be divided into
different types such as TWF, HDF, PWF, OSF, and RNF. In other words, the proposed
approach will not only detect whether an instance is failing, but also find out what exactly
causes this failure allowing maintenance to focus on certain aspects.[17][ 18]

In the case of multi-class analysis of AI41 2020 data new difficulties arise, such as severe
class imbalance for each type of failure and extremely low frequency of RNF. It will
involve considering alternative loss function, metrics, and even model structures such as
multilabel binary models vs. one multi-class model.[19]

5.2.2 Real-World Sensor Data Integration

Even though the AI41 2020 dataset has been constructed to be representative of realistic
industrial processes, it remains a synthetic one. Real-world validation of the XAI-PdM
solution proposed in this paper would imply using data from an industrial production line
sensor network.[20][21]

There exist several difficulties associated with real-world data, which cannot be
encountered when using a synthetic benchmark, such as variable sampling frequency,
sensor failure and missing data, really drastic imbalance between classes (the percentage
of failures being lower than 1%), concept drift (gradual changes in the distribution of
operating conditions), and multi-sensor input.[22]

5.2.3 Advanced Deep Learning Architectures

The LSTM and GRU recurrent neural networks are particularly suitable choices for
analyzing time-series data from manufacturing plants where sensor data is gathered
periodically in time rather than in snapshot manner. Indeed, the fault development
processes in real-world milling machines tend to occur gradually, and temporal analysis
algorithms can recognize developing fault characteristics earlier than static classification
algorithms.[23][24]

Finally, transformer-based deep learning architectures, which have shown outstanding
abilities in modeling of multivariate time-series thanks to their self-attention capability,
present the frontier of deep learning techniques in PdAM. Despite their tremendous
capabilities for detecting long-term temporal dependencies and multivariate feature
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interactions, transformer-based networks suffer from high demands on computation and
data. These factors represent major obstacles to the deployment of transformers by
SMEs.[25][26]

In general, a comparative study of MLP (as used in this project), LSTM, GRU, 1D-CNN,
and Transformer network architectures on both the AI41 2020 dataset and real-world
time-series PAM dataset will be quite useful.[27]

5.2.4 Digital Twin Integration

The Digital Twin — the creation of a live digital replica of physical assets which is
constantly in sync with its physical twin due to constant synchronization using sensor
readings — may be considered one of the most exciting frontiers of Industry 4.0
technologies. Combining the explainable PAM approach designed within this work with a
Digital Twin design will allow performing real-time predictions with automatic SHAP
explanations, performing what-if simulations for maintenance planning, and even
enabling closed-loop scheduling of maintenance.[28][29]

In the context of Digital Twin-enabled PdM, the models designed in this thesis will act as
a predictive engine for the system, processing sensor data streams in real time to produce
failure probabilities and automatically generate SHAP explanations for any predicted
failures. Moreover, using the Digital Twin, it will be possible to perform counterfactual
simulation, asking questions such as: "What will happen to the failure probability
estimate if we decrease the rotational speed by 10%?"[30]

5.2.5 Federated Learning for Privacy-Preserving PdAM

A lot of manufacturing firms have several plants and could gain from collaborative
training of PAM models among their plants through sharing information regarding the
operational failures and learning from that for training better, generalized PdM models.
However, competitive sensitivities, contract limitations, and regulations may make it
impossible for such organizations to aggregate data from different organizations.[31]

This is where federated learning comes in handy: train the models locally in each plant,
and only aggregate model weights and gradients (no need to aggregate actual data).
Federated learning could be used to enhance the capabilities of the XAI-PdM system
allowing deploying it within a network of many plants belonging to several
companies.[32]

5.2.6 Extended XAI and Counterfactual Explanations
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The SHAP and LIME methods used in this research allow attributing predictions to
certain features. An alternative approach is that of counterfactual explanation. While
attribution explains what led to an occurrence of a certain result, counterfactual
explanation answers the following question: "What would have to be changed to avoid
the predicted result in the current machine state?" [33] [34]

A maintenance engineer tasked with addressing a predicted failure would benefit
immensely from knowing a counterfactual explanation of that failure, i.e., something like
"If rotation speed was decreased to 1800 revolutions per minute and torque by 15 percent,
the predicted probability of failure would become less than 10 percent". The PAM method
could certainly benefit from the ability to generate counterfactual explanations.

5.3 Social Impact

The introduction of such reliable and explainable predictive maintenance solutions also
carries social ramifications that go far beyond the operational advantages offered to
manufacturing firms. This chapter explores social ramifications in four distinct areas,
namely: workplace safety, environmental sustainability, economic inclusiveness, and
human-machine interaction.[36][37]

5.3.1 Workplace Safety and Worker Protection

However, even seemingly routine equipment failures may pose a major risk for the safety
of workers and bystanders in manufacturing facilities. Major failures, such as spindle
seizure, tool breakage, power system problems may result not only in equipment damage
and reduced output but in serious injury or death.[38][39] Meanwhile, less noticeable
partial failures can create unsafe work environments by exposing workers to excessive
levels of noise, vibrations, heat, or chemical agents without immediately triggering alarm
systems.

An effective predictive maintenance strategy will drastically reduce safety risks by
ensuring that equipment failures will occur under conditions that minimize hazards.
However, the key factor in ensuring that safety-related PdM alerts lead to prompt actions
is that explainability of PdAM predictions allows maintaining personnel to be confident in
the accuracy and legitimacy of the alerts provided by the system. For instance, an alert
reading "failure expected as PWF value exceeded critical level, and rotational speed close
to maximum" will prompt faster action than an alert stating "probability of equipment
failure = 0.87." [40]

Such alignment between the predictions provided by Al algorithms and the real-life
processes that maintain staff members can verify provides the safety-related value of XAl
applications for predictive maintenance.[41]

5.3.2 Environmental Sustainability and Carbon Footprint Reduction
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The failures that occur in industrial equipment have not only direct consequences but also
affect the environment negatively. In catastrophic failures, there is an increased use of
material resources: scrap materials from failed operations, contaminated coolants, and
damaged tooling that will need replacing urgently. Unexpected downtime of production
in high-energy manufacturing processes means waste of energy spent during startup and
idling periods. Finally, the worst-case scenario of such failures involves causing
environmental accidents, due to spilled lubricant, coolant, or the process itself getting out
of control.[42][43]

In relation to each pathway, predictive maintenance has its own unique contribution.
Firstly, PAM decreases waste of raw materials and other components, thus having a
positive environmental impact. Secondly, with the ability to conduct planned maintenance
at lower production times, PAM minimises energy consumption of the equipment. Lastly,
as it prevents catastrophic failures, PdM can save from environmental accidents. The total
impact of PdM on environmental issues in the industry can be significant enough to
potentially reduce the carbon dioxide emissions of the manufacturing sector by 2-5%
through increased energy efficiency.[44]

The environmental aspect is directly related to the UN Sustainable Development Goals.
In particular, the Industry, Innovation and Infrastructure goal requires an upgrade of
industry towards sustainability and efficient resource utilization, facilitated by Al-based
predictive maintenance. The Climate Action goal is furthered by the decrease in carbon
emissions, accomplished by improving energy efficiency through maintenance.[45]

5.3.3 Economic Inclusion and SME Empowerment

The democratization of advanced PdM capabilities constitutes one of the most important
yet rarely discussed aspects of the sociological implications of Industry 4.0. Up until now,
the deployment of Al-driven PdM capabilities has been limited only to corporations with
data science units as well as special computer hardware (GPU clusters) and industrial Al
software platforms priced at several hundred thousand dollars annually.[46][47]

However, the proposed solution shows that it is possible to deploy a reliable and
explainable PAM approach through freely available, open-source Python libraries (scikit-
learn, TensorFlow, SHAP, LIME, imbalanced-learn) on affordable hardware that is
devoid of GPU power — the entire workflow of the current work was run on Google
Colab for free. From an economic perspective, such an approach would change
everything.[3][48]

Since small companies can now afford the same capabilities as major corporations —
prediction of equipment failure, robustness of models, SHAP explainability, detection of
anomalies — without the software licensing expenses, the technological solution in
question becomes truly democratizing. This does not only apply theoretically, since
SMEs play a crucial role in the global economy, being the predominant employers in the
sector of manufacturing. By making PdM solutions accessible for them, we help reduce
their expenses,

By removing the cost of enterprise software license that big businesses pay to incorporate
the same PdM features as large firms — predicting failures, performing robustness tests,
utilizing SHAP explainability and detecting anomalies — PdM technology becomes truly
democratized. It is no exaggeration either because SMEs form the basis of manufacturing
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in most countries and employ the vast majority of manufacturing employees. Allowing
SMEs to benefit from PdM technology would reduce their operating costs and protect
their workers from being harmed.[49]

5.3.4 Human-AlI Collaboration and Trust

One of the deepest social dimensions of the presented project may be considered its role
in shaping a new paradigm of human-Al collaboration in the industry. In contemporary
public discussions, there tends to prevail the understanding of Al in manufacturing as a
technology aimed at substituting humans by algorithms, at replacing human cognition
with automatic decision-making. The explainable Al approach presented in this project is
quite opposite to the mentioned perception.[50][51]

Through the use of SHAP and LIME methods, this system makes it possible not only to
provide a certain diagnosis but also to offer explanations that can be used for further
actions. When the machine's failure alert is supplemented with information provided by
the SHAP waterfall method, which demonstrates that "the current failure has been
predicted predominantly because of increased power failure status and increased
rotational speed within the safe limit", one can apply the human physical understanding
of the machine in question.[52][53]

The combined role of Al, in which quantitative pattern recognition is achieved alongside
XAl's qualitative attribute transparency, along with the human expertise in context and
physical interpretation and decision-making authority, is arguably the most socially
responsible and pragmatic way of integrating Al into safety-critical industrial processes.
The ability to rely on meaningful human decision-making yet provide more accurate
insights than can be obtained from human sensory input alone is essential here.[54][55]

Achieving the level of trust described above is not only a technical task; it is also an
organizational one, which involves both appropriate design solutions, such as the
explainability solution offered in this research, and organizational investments, such as
the development of skills and expertise among maintenance staff in using explanations
produced by Al systems. The approach presented here can be considered a contribution
toward building this trust.[56]
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