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“ One of the basic rules of the universe is that nothing is perfect.

Perfection simply doesn’t exist...
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Resumo
Os rigorosos padrões de qualidade da indústria da cortiça exigem sistemas de produção

altamente fiáveis e eficientes. A grande contribuição é o desenvolvimento de um sistema

de Manutenção Preditiva, em tempo real, para as máquinas de análise de cortiça NDTech

2.0, que gera dados multivariados de sensores de alta frequência, captando vários pa-

râmetros de funcionamento (p.e., temperaturas, pressões, vibrações) em todas as suas

unidades de processamento. Concentramo-nos na previsão de falhas mecânicas e ope-

racionais graves que perturbam o controlo de qualidade, desenvolvendo uma estrutura

de Manutenção Preditiva orientada por dados que permite a previsão e o diagnóstico

precoce de falhas utilizando estes dados contínuos dos sensores.

Implementamos uma arquitetura de duas camadas, composta por uma Camada de Pre-

visão de Falhas e uma Camada de Explicação. Modelos baseados em Aprendizagem

Profunda, incluindo LSTM-AE eWAE-GAN, foram avaliados para detetar anomalias asso-

ciadas a falhas em fase inicial. Os nossos resultados mostram que o modelo WAE-GAN

supera significativamente o LSTM-AE em precisão preditiva, estabilidade arquitetónica e

eficiência de treino quando aplicado às características heterogéneas dos dados das uni-

dades de processamento NDTech 2.0. Os modelos otimizados são capazes de antecipar

avarias com 30 a 70 minutos de antecedência, proporcionando uma janela crítica para

intervenções de manutenção em tempo útil.

Para apoiar a tomada de decisões de manutenção, a estrutura incorpora técnicas de

Inteligência Artificial Explicável utilizando LIME, que identificam as principais leituras dos

sensores que contribuem para cada previsão. Estas explicações localizadas ajudam a

descobrir as causas-raiz, a orientar as ações corretivas e a promover a confiança no

sistema.

No geral, esta tese apresenta uma solução Manutenção Preditiva interpretável e eficaz,

adaptada ao ambiente NDTech 2.0, melhorando significativamente a fiabilidade, a manu-

tenibilidade e a eficiência operacional.

Palavras-chave: Manutenção Preditiva, Inteligência Artificial Explicável, Aprendizagem

Profunda
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Abstract
The cork industry’s stringent quality standards demand highly reliable and efficient produc-

tion systems. The main contribution is the development of a real-time Predictive Main-

tenance (PdM) system for cork analyzer machine NDTech 2.0, which generates high-

frequency multivariate sensor data capturing various operational parameters (e.g., tem-

peratures, pressures, vibrations) across its Processing Units (PUnits). We focus on pre-

dicting severe mechanical and operational failures that disrupt quality control, by devel-

oping a data-driven PdM framework that enables early failure prediction and diagnosis

using this continuous sensor data.

We implemented a two-layered architecture comprising a Failure Prediction Layer and an

Explanation Layer. Deep Learning-based Autoencoders, including LSTM-AE and WAE-

GAN, were evaluated for detecting anomalies associated with early-stage failures. Our

findings show that the WAE-GAN model significantly outperforms the LSTM-AE in predic-

tive accuracy, architectural stability, and training efficiency when applied to the heteroge-

neous data characteristics of the NDTech 2.0 PUnits. The optimized models are capable

of anticipating failures 30–70 minutes in advance, providing a critical window for timely

maintenance intervention.

To support maintenance decision-making, the framework incorporates XAI techniques

using LIME, which identify key sensor readings that contribute to each prediction. These

localized explanations help uncover root causes, guide corrective actions, and foster trust

in the system.

Overall, this thesis presents an interpretable and effective PdM solution tailored to the

NDTech 2.0 environment, significantly enhancing reliability, maintainability, and opera-

tional efficiency.

Keywords: Predictive Maintenance, Explainable Artificial Intelligence, Deep Learning
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1. Introduction
In recent years, Artifical Inteligence (AI) has experienced a significant resurgence, of-

ten termed a ”new spring”, largely driven by pervasive digitization and the recognition

that abundant digital data is a critical asset for deriving insights and driving business out-

comes [1–4].

This evolution necessitates that companies invest in AI-underpinned technologies to re-

main competitive [5, 6]. The focus has shifted from immediate financial returns to un-

derstanding AI’s potential for innovation, creating new business models, and enhancing

long-term competitiveness [7, 8]. This long-term perspective is crucial for Predictive Main-

tenance (PdM), a key application within Industry 4.0 (I4.0), which leverages these tech-

nologies to monitor equipment, predict failures, and optimize maintenance for significant

cost savings and efficiency [9].

As AI integrates into critical decision-making, particularly in PdM, understanding and

trusting AI-driven insights become paramount [10]. This aligns with the growing empha-

sis on ”trustworthy AI”, highlighted by initiatives like the G7’s call for human-centric AI

and the European Commission’s ”Ethic Guidelines for Trustworthy AI”, which emphasize

transparency, privacy, and data governance [11, 12]. eXplainable Artificial Intelligence

(XAI) plays a crucial role here by making AI decision-making transparent and understand-

able [13]. This need for transparency, interpretability, and adaptability in dynamic indus-

trial environments forms the core motivation for this thesis.

The current era’s pervasive AI applications, combined with the profound shifts of I4.0,

have revolutionized industrial production, leading to massive data generation. This vast

data is analyzed to develop targeted solutions, with PdM being a key task to minimize

equipment failures, reduce downtime, and lower operational expenses [14–16]. Despite

its benefits, challenges hinder PdM’s full adoption: most models struggle with dynamic

environments, complex high-dimensional time-series data, scarcity of labeled failure data,

focus on isolated components, and lack of interpretability [17]. These challenges, coupled

with the need for complex reasoning and planning in real-world PdM (requiring insights

for operators, technicians, and managers), motivated this thesis.

The integration of AI and I4.0 technologies has transformed manufacturing, making PdM

critical for reliability and efficiency [14]. The cork industry, with Portugal as the largest
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producer, has also embraced these advancements, particularly in quality control. Cork,

historically valued for its unique qualities and primarily used for wine bottle closures since

the late 1700s [18, 19], faces a major challenge: ”cork taint”, primarily caused by 2,4,6-

Trichloroanisole (TCA), which negatively affects wine aroma and taste [20, 21]. To ad-

dress this, companies like Amorim Cork, S. A., a world leader, developed Non-Detectable

Technology (NDTech) technology. This groundbreaking system uses non-destructive gas

chromatography to precisely analyze each cork stopper, significantly reducing analysis

time from 15 minutes to around 20 seconds while maintaining precision. NDTech pro-

vides a highly reliable and accurate alternative to subjective human sensory analysis,

ensuring TCA-free corks and preserving wine integrity [18].

1.1. Objectives

In fact, the TCA detection process is critical for the cork industry, where guaranteeing

its quality and reliability is crucial. The prevalence of advanced and complex machinery

becoming the new standard in most manufacturing facilities introduces new challenges

and constraints in control procedures, calling for adopting new and more efficient prac-

tices. NDTech stands as a remarkably sophisticated technology, a vivid example of this

scenario as the complexity of the multi-component architecture demands close control

to ensure the proper functioning of all the system elements, which currently relies on a

periodic manual control procedure, making it susceptible to human error and limitations

on both efficiency and resources demands. This thesis aims to identify and explore the

possibility of improving the current control implemented on NDTech, where the informa-

tion regarding the different variables and indicators provided by the sensors measures

distinct functional parameters of the system. Moreover, building on previous efforts, this

study aims to move into new unexplored areas, gather more information and knowledge

regarding the data, and explore different algorithms to solve the maintenance problem.

This First Objetive (O1) involves exploringMachine Learning (ML) techniques, specifically

Autoencoder (AE), to develop a real-time automated anomaly detection system that could

be implemented on-site and used by the NDTech operators. The Second Objetive (O2)

is to produce explanations of the failures or rare events to help the NDTech operators

perform more accurate maintenance tasks on the machines.
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To achieve the objectives above with a focus on the expected results, the development of

this work relied on the following macro stages:

• Conduct a comprehensive review of PdM and XAI in industrial contexts to establish

a strong theoretical foundation.

• Develop robust mechanisms for cleaning, transforming, and engineering features

from NDTech 2.0 sensor data, preparing it for model training.

• Design and implement the core system using different AEs models.

• Integrate an XAI techniquewith the trainedmodels to generate human-understandable

explanations for predicted failures.

• Evaluate the developed system, including its prediction accuracy and the quality of

explanations, to ensure its effectiveness in providing timely and accurate insights.

• Analyze results, draw conclusions, and future research directions.

1.2. Document Structure

This thesis is organized as follows: Chapter 1, Introduction, provides the user with the

main motivations and contextualization of the topic at the present time, as well as the def-

inition of the objectives and expected results; Chapter 2, Background, focuses on provid-

ing the reader with a better understanding of research methodologies and state-of-the-art

relevant to the thesis; Chapter 3, Case Study in the Cork Industry, a brief description of

what this thesis is about and how it is organized in technological terms, describing the

high-level view architecture; Chapter 4, Experimental Study, presents the models’ archi-

tectures, and evaluation of the failure prediction models, as well as the application of

interpretability technique to explain detected failures; Chapter 5, Conclusion and Future

Work, gives the final notes, drawing from the same conclusions for the future. Finally, the

References of all consulted sources and the Appendix with all detailed (process) informa-

tion and supplemental visualizations of the results obtained.
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2. Background
This chapter presents the relevant state-of-the-art. It starts by presenting the bibliographic

research strategies in Section 2.1. Then, reviews the essential concepts and presents a

view of the scientific community related to AI, PdM, and XAI. It surveys the theoretical

foundations and also provides a state-of-the-art analysis of recent and relevant studies

related to these concepts.

2.1. Bibliographic Research

This research aimed to gather foundational knowledge for the project, using a structured

methodology and focusing on key technical areas.

Relevant sources (e.g., Google Scholar, ScienceDirect, IEEE Xplore) were reviewed to

collect literature. From this, documents containing key terms were selected and summa-

rized to extract the most relevant insights.

The study focused on topics essential for implementing a PdM system in the NDTech en-

vironment, including PdM, failure detection/prediction, anomalies, outliers, explainability,

pattern recognition, andDeep Learning (DL). Emphasis was placed on understanding fail-

ure types in multi-sensor systems and leveraging ML, particularly DL, to enhance detec-

tion and support real-time, data-driven decisions. Sensor integration and data acquisition

were also explored to ensure accurate modeling of system behavior.

Therefore, research focused on recent and relevant studies in PdM, DL, and XAI, using

top keywords such as: predictive maintenance, explainable ai, deep learning algorithms,

data-driven predictive maintenance, and anomaly detection.

2.2. Taxonomy of AI

As AI has evolved, its growing complexity has necessitated structured taxonomies to clar-

ify relationships among its diverse subfields. Visual tools such as Euler diagrams (Fig. 2.1)

effectively illustrate how key domains like ML, Artificial Neural Network (ANN), and DL

overlap, while also integrating newer paradigms like Spiking Neural Network (SNN) [22].

Within AI, ML has been particularly transformative, and the development of ANN gave rise

to DL, which has demonstrated exceptional performance across numerous applications
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Figure 2.1: The taxonomy of AI [22].

since its emergence around 2006 [22–24]. The standard ML pipeline (Fig. 2.2) begins

with raw data collection and preprocessing, followed by model training and inference.

Figure 2.2: An illustration of the pipeline of building a ML system [25].

DL, a subset of ML, distinguishes itself through its ability to automatically extract hierarchi-

cal representations of data using deep, multilayered architectures. As shown in Fig. 2.3,

DL tends to outperform traditional ML when sufficient data is available [26].

Figure 2.3: The performance of DL with respect to the amount of data [22].

Several DL architectures cater to specific data types. Multilayer Perceptrons (MLP) are



FCUP 6
Failure Prediction and Explanation: A Case Study in Cork Industry

fully connected networks ideal for structured data [27], while Convolutional Neural Net-

work (CNN) are optimized for grid-like inputs such as images and have been applied

to visual inspection and time-series-to-image transformations in PdM [28–30]. Recurrent

Neural Networks (RNNs), including Long Short-TermMemory (LSTM) variants, model se-

quential dependencies and are widely used in forecasting andAnomaly Detection (AD) [31–

35]. Transformers, originally developed for natural language processing, leverage self-

attention mechanisms for parallel sequence modeling and have shown strong perfor-

mance in time-series analysis and multimodal fusion [36, 37]. Graph Neural Networks

(GNNs) generalize ANN to graph-structured data and are effective in modeling the rela-

tional structure of industrial systems [38]. Generative models such as Variational Autoen-

coder (VAE) and Generative Adversarial Network (GAN) are valuable for unsupervised

learning, AD, and data augmentation in failure-scarce environments [39–41]. Temporal

Convolutional Network (TCN) apply causal convolutions to sequence data, often outper-

forming RNNs in time-series tasks due to stable gradients and parallelizability [42].

Figure 2.4: Trade-off between model interpretability and performance [10].

DL offers several advantages: automatic feature learning, the ability to handle unstruc-

tured data, scalability with large datasets, and end-to-end optimization pipelines [26, 43].

However, these strengths are accompanied by challenges. DL models typically require

extensive labeled data, significant computational resources, and suffer from poor inter-

pretability, which is critical in high-stakes domains like PdM. Fig. 2.4 illustrates the com-

mon trade-off between model performance and interpretability [10, 44]. Moreover, DL
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models are sensitive to hyperparameters and prone to overfitting without adequate reg-

ularization or data. To mitigate these issues, ongoing research in XAI seeks to enhance

transparency and trust in DL systems—especially vital in industrial applications where

understanding predictions is essential for effective maintenance planning, as further dis-

cussed in Section 2.4.

2.3. Predictive Maintenance

PdM is a cornerstone of modern industrial operations, especially within I4.0. It lever-

ages real-time data and advanced analytics to anticipate equipment failures, enabling

just-in-time maintenance, minimizing unplanned downtime, reducing costs, and extend-

ing operational lifespan.

I4.0, introduced in Germany in 2011 [45], represents the fourth Industrial Revolution

and the digital transformation of manufacturing. It delivers real-time decision-making, en-

hanced productivity, flexibility, and agility by connecting computers and industrial equip-

ment to make decisions without human intervention. This revolution is powered by dis-

ruptive technologies such as the Internet of Things (IoT), Big Data, Cloud Computing,

AI, ML, Edge computing, Digital Twin, and Cyber-Physical Systems (CPS), necessitat-

ing increased investment to maintain competitiveness. A key concept is CPS, integrating

computational systems with physical processes for coordinated and efficient interaction.

Implementing I4.0 technologies introduces maintenance strategies to prolong equipment

lifespan and cut costs through continuous communication. PdM is vital here, using these

technologies to anticipate and prevent breakdowns, reducing costs and minimizing down-

times. Industrial maintenance has evolved significantly, from merely addressing break-

downs (reactive/corrective maintenance, common until after WWII) to planned preventive

maintenance (emerging post-1950s to reduce losses) and, more recently, to PdM, also

known as smart maintenance. This evolution, depicted in Fig. 2.5, shifts away from ex-

pensive reactive approaches. PdM provides the longest equipment lifespan, highest reli-

ability, and most cost-effective solutions. Proactive maintenance, focusing on root cause

analysis, is gaining popularity when used alongside PdM.

Equipment failure is nearly random. A key technique for maintenance decision-making is

Potential Failure (P-F) curve analysis (Fig. 2.6), which illustrates the time between poten-

tial and actual failure detection.
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Figure 2.5: Evolution of maintenance activities and methods [46].

Figure 2.6: P-F diagram presenting inspection intervals and PdM [46].

PdM practices are developed from two perspectives (Fig. 2.7): failure prediction (fore-

casting approximate failure time) and Remaining Useful Life (RUL) estimation (predicting

operational time before repairs are needed).

Figure 2.7: Classification of automatic industrial maintenance approaches [47].

Despite its inevitability, adopting PdM faces challenges, primarily balancing investment
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costs (sensors, installation, consultancy) with expected returns. Another significant chal-

lenge is the need for accurate and relevant data; incomplete or inaccurate data can lead

to erroneous predictions.

Evaluation of failure prediction methods primarily uses Accuracy and Precision-Recall

(PR) score. RUL prediction methods are assessed using Mean Absolute Error (MAE),

Mean Absolute Percentage Error (MAPE), Mean Squared Error (MSE), and Root Mean

Squared Error (RMSE). For abnormal cycle detection, False Alarm Rate (FAR) and Im-

postor Pass Rate (IPR) are used, with rFAR and rIPR offering enhanced outlier detection

and early failure prediction.

Data-driven PdM methods involve three general steps: data acquisition, data prepro-

cessing, and model building. Data acquisition, the initial stage, gathers industrial data

via sensor connections (most common, capturing vibration, temperature, pressure), ex-

ternal capture, inspection logs, or data simulation. Data preprocessing enhances pre-

diction quality through techniques like handling missing values, data summarization, and

feature selection, often condensing features into a lower-dimensional space for efficient

real-time processing. Finally, the model building phase applies data analysis to iden-

tify anomalies, failures, or RUL predictions, using various learning methods (supervised,

semi-supervised, unsupervised) based on data characteristics and task requirements.

Supervised learning In classification, discrete labels estimate health status by cate-

gorizing data into different failure types, including binary, multiclass, or multilabel scenar-

ios. Binary classification distinguishes between two states (e.g., correct/malfunction), with

DL classifiers like LSTM and Gated Recurrent Unit (GRU) often outperforming traditional

methods (KNN, Support Vector Machine (SVM), Random Forest (RF), ANN). Multiclass

classification handles distinct failure modes, where algorithms like RF and ANN have

shown strong performance, sometimes in hybrid architectures combining CNN with ELM

or stacked LSTM layers. Regression, conversely, predicts continuous variables like health

indices or RUL. Ensemble learning algorithms like RF, GTB, and XGB often outperform

individual MLP Regressor and SVR. ARIMA approaches, individually or combined with

SVM, and Hybrid Deep Neural Networks (HDNNs) integrating LSTM and CNN, are also

used for RUL estimation. AE models composed of stacked LSTM units are also used for

time-series reconstruction to evaluate machine condition and predict RUL.
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Unsupervised learning This approach segments data into operational modes using

clustering and identifies unusual patterns indicative of anomalous behavior. In data min-

ing, clustering groups similar items, with K-Means being a prominent partitional clustering

algorithm. Newer methods like K-Multi-Dimensional Time-Series Clustering (K-MDTSC)

are designed for multivariate time-series. Streaming-based clustering algorithms such as

CluStream, ClusTree, and StreamKM are used for real-time AD, where an increase in

outliers correlates with approaching failure. Density-based clustering, like DBSCAN (and

its stream-adapted version DenStream for real-time data), identifies densely populated

areas and anomalies, bridging clustering and outlier detection. DL models, such as those

based on Hierarchical Temporal Memory (HTM), are also applied for efficient online out-

lier detection in real-time vibration data by learning and predicting patterns in time-series

data.

Semi-supervised learning One-class classification builds a predictivemodel using only

normal operation data to detect malfunctions, acting as novelty detection. Commonmeth-

ods include One-Class Support Vector Machine (OCSVM) with an RBF kernel and AEs.

AEs learn normal data characteristics, and discrepancies in reconstruction errors for new

data indicate anomalies. For instance, in train door breakdown prediction, AEs and

OCSVM effectively reduced false alarms by differentiating structural failures from user

interference. Generative classification combines a small proportion of labeled data with a

large amount of unlabeled data assumed to belong to known labels. This approach, like

VAE based deep generative models for bearing fault diagnosis, learns from labeled data

while generating labels for unlabeled data, enhancing generalization.

2.4. eXplainable AI

The rise of advanced AI andML techniques, particularly DL architectures, has significantly

enhanced predictive performance across numerous domains [24, 26]. In industrial appli-

cations such as PdM, these models often outperform traditional methods by capturing

complex non-linear patterns in large datasets. However, their opaque nature as ”black-

box” systems presents major challenges [48], especially in safety-critical environments

where understanding the rationale behind a prediction is essential for trust, debugging,

regulatory compliance, and decision-making [49–51]. Without insight into why a failure
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is predicted, these systems risk reduced adoption, safety concerns, and economic im-

pact. Therefore, interpretability and transparency have become central to responsible AI

development [52].

XAI has emerged to address this lack of transparency by developing methods that help

users interpret and trust AI outputs [53]. It aims to answer essential questions such as

”why was a particular prediction made?”, ”how was it derived?”, and ”under what condi-

tions might it fail?” [48–50], thereby enhancing trust, transparency, and user confidence

(Fig. 2.8).

Figure 2.8: Objectives of XAI [54].

XAI techniques make the internal logic of complex models comprehensible to various

stakeholders—from engineers to regulators—by clarifying how specific inputs influence

predictions. In [48] the authors define XAI as a set of methods that allow humans to

understand and trust ML outputs. They emphasize its role in improving debugging, ro-

bustness, fairness, compliance, and user acceptance, particularly in high-stakes domains

like healthcare and industrial automation.

Transparency enables users to evaluate howmodels function and detect biases or vulner-

abilities that may compromise fairness or safety. Clear explanations also increase trust,

especially when users can verify that predictions are based on logical reasoning. This

is vital in critical tasks, where trust in automated systems directly affects adoption and

reliance.

Interpretability in XAI spans several dimensions. ”Local” interpretability focuses on ex-

plaining individual predictions—crucial in PdM to understand isolated alarms [55, 56]—

while ”global” interpretability aims to reveal how models operate across all inputs [50, 57].
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Another distinction lies between ”ante-hoc” (inherently interpretable) models, such as de-

cision trees and linear models, and ”post-hoc” techniques that explain opaque systems

after training [48]. Though ante-hoc models offer transparency by design, they often lack

the performance needed for complex industrial data. Consequently, much of modern XAI

research focuses on post-hoc methods, including feature attribution, saliency maps, rule

extraction, and counterfactual explanations. These are tailored to audiences ranging from

AI researchers to maintenance engineers and lay users [58], enabling informed, human-

centered interaction with complex predictive systems.

2.5. Related Work

The integration of PdM and XAI has been widely investigated across various industries,

including transportation, manufacturing, and energy. These studies emphasize early fail-

ure prediction and transparent diagnostics, key themes also explored in this thesis on cork

industry applications.

In transportation, Najjar et al. [59] developed a PdM framework for metro Air Production

Units using real-time analog and digital sensor data, achieving high F1-Scores with a RF

model. Similarly, Davari et al. [60] employed a sparse AE for AD, while Wang et al. [61]

leveraged an LSTM-based AD model with adaptive thresholds and IoT-cloud integration,

improving maintenance outcomes in real metro systems.

Interpretability remains a key challenge in such complex settings. Neuro-symbolic ap-

proaches, such as those proposed in [62, 63], combine deep learning with rule-based

systems to provide explanations for anomalies, enhancing actionable insights. These

were deployed on real metro data, with components like rule-learning modules offering

sensor-level explanations. Similarly, Silva et al. [64] applied a Wasserstein Autoencoder

with Generative Adversarial Network (WAE-GAN) with an explainability layer for early fault

detection.

More broadly, Li and Jung [65] reviewed anomaly types (point, interval, series) and fa-

vored LSTM and AE-based approaches, while stressing the need for XAI. He and Zhao

[66] demonstrated how TCNs detect anomalies via deviation between predicted and ac-

tual values, showing robustness across temporal scales. Han et al. [67] presented AD-

Bench, a benchmark suite evaluating 30 AD algorithms under diverse noise and supervi-

sion levels, aiding model comparison and generalization. For real-time adaptation, Este-

ban Toscano [17] introduced incremental decision trees (e.g., MIHT, MLHAT), achieving
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online degradation detection and fault prediction.

Other industrial examples of PdM-XAI integration include [68], where SHapley Additive

exPlanations (SHAP) was used to explain sensor contributions in tree-based predictive

models. Federated and privacy-preserving approaches were made interpretable via Lo-

cal Interpretable Model-Agnostic Explanations (LIME) and SHAP in [69], while [70] used

saliency maps for diagnosing press machinery failures. In turbofan engines, LSTM and

SHAP were combined in [71], with similar XAI integration into digital twins for RUL pre-

diction in [72]. Applications in aviation datasets were also covered in [73], using LIME to

interpret GRU-based models.

Rule-based interpretability for real-time metro failure detection was developed in [74],

while agricultural pumps were monitored using SHAP and counterfactuals in [75]. Knowl-

edge graphs supported failure reasoning in wind turbines via XAI4Wind [76], and time-

series explanation for marine engine failures was tackled using SHAP in [77]. In semicon-

ductor contexts, multi-fault wafer classification was interpreted using SHAP and LIME [78],

and pump bearing failures were explained using LRP-applied LSTMs in [79].

Collectively, these studies showcase how predictivemodeling and interpretability methods

work hand-in-hand to deliver robust, early-warning systems—insights critical for develop-

ing fault explanation and early failure prediction models in the cork industry.

2.6. Discussion

While prior work in PdM has shown the potential of DL models (such as in AEs family) for

failure prediction and of XAI techniques for interpretability, most approaches remain lim-

ited in scope. They often rely on simplified or simulated environments, focus on general-

purpose equipment, and lack integration with domain-specific operational constraints.

Furthermore, existing methods typically separate failure detection from failure explana-

tion, making it difficult to derive actionable insights in real time. This disconnect reduces

their utility in high-precision manufacturing settings, where early, explainable interventions

are critical to maintaining quality and throughput.

This thesis builds on those foundations but shifts the focus to a real-world industrial con-

text with complex, heterogeneous sensor data. It explores how advanced AD methods

and localized interpretability techniques can be adapted and optimized to deliver timely,

trustworthy predictions in a production-critical environment.
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By addressing these challenges, the work contributes a practical, interpretable PdM so-

lution that aligns more closely with the operational demands and reliability standards of

modern manufacturing.
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3. Case Study in the Cork Industry
This chapter lays out the approach taken to build our system for the NDTech 2.0. It will

begin by describing the problem, then proceed to the tools and environment used, and

examine the data itself, including how it was prepared. Following that, it will be detailed

the core implementation of the system, covering how it is detected potential failures and

how the explanations are generated. Finally, it will be explained how the models were

trained and tested, and how their success was measured.

3.1. Problem Description

As previously discussed, TCA detection is paramount in the cork industry due to its direct

impact on product quality. Modern manufacturing, with its sophisticated machinery and

automation, brings new challenges to quality control. The NDTech system, particularly its

second generation (NDTech 2.0), exemplifies this: its intricate, multi-layered architecture

demands constant oversight for optimal component operation.

Currently, NDTech 2.0’s quality control relies on manual periodic checks. While functional,

this approach is inherently limited by human error, time inefficiencies, and high resource

consumption. This project, therefore, emerged from the need to modernize monitoring by

leveraging the extensive operational data already generated by the system’s sensors.

NDTech 2.0 is a gas chromatography-based technology designed for individual cork

stopper analysis, capable of identifying TCA concentrations below 0.5 ng/L in a rapid

20-second cycle. The system operates in three primary phases: sample preparation,

chromatographic separation, and TCA detection.

Each NDTech 2.0 Processing Unit (PUnit) comprises four autonomous processing mod-

ules sharing a centralized cork feeding mechanism, directed by a robotic transport line.

The basic structure of an NDTech 2.0 PUnit is illustrated in Fig. 3.1.

Cork stoppers pass through pre-heating and incubator chambers (Preheater_Temp, Chamber_Temp)

to prepare samples. Gas samples are then precisely routed and managed by a series of

critical valves—the StreamSelector (SS_Position, SS_Torque), Load Inject (LI_Position,

LI_Torque), ColumnSelector (CS_Position, CS_Torque), andDetector Selector (DS_Position,
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Figure 3.1: General layout of a PUnit within NDTech 2.0 system.

DS_Torque) valves. These components, supported by multiple nitrogen lines (Box104-

Box108), perform functions like gas routing, volume control, and chemical separation,

ensuring only relevant compounds reach the Electron Capture Detector (ECD).

While the existing manual procedure offers basic integrity, the increasing complexity and

high-speed demands of NDTech 2.0 highlight its limitations. PdM offers a promising al-

ternative: by exploiting the continuous stream of data from embedded sensors, it enables

early identification of abnormal patterns. This aligns with I4.0 principles, making data-

driven maintenance central to system resilience [9, 15, 46].

Applying PdM to the NDTech system allows for anticipating degradation, optimizing main-

tenance, reducing downtime, and sustaining high-throughput quality control. Given the

volume and complexity of sensor data, integrating ML and DL models is essential for ex-

tracting insights and supporting real-time AD. This thesis explores a data-driven method-

ology to enhance NDTech 2.0’s operational reliability and reduce human supervision de-

pendence.

3.2. Dataset Description

The dataset utilized in this study was collected from the NDTech 2.0 system and reflects

detailed operational data generated during each cork stopper analysis cycle. The system

produces one reading every 100 milliseconds throughout a full 20-second cycle, resulting

in approximately 200 high-frequency measurements per cork. To manage the resulting
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volume of data and control storage costs and processing demands, only aggregated val-

ues are stored in the database, specifically, one summarized observation per cork.

This study leverages two distinct datasets collected from the NDTech 2.0 system, each

serving a different purpose in the failure prediction pipeline.

• Training dataset: Utilizing a substantial dataset comprising 10 days of historical

operational data between November 24th and December 3rd, 2024, comprising

131,067 records, confirmed to represent exclusively normal operating conditions.

This dataset is used for offline training of unsupervised failure prediction models

that will detailed in the Section 3.4.4.1.

• Test dataset: Collected throughout January 2025, comprising 459,707 records.

This dataset reflects the full production environment and is used formodel evaluation

and online failure prediction.

Both datasets share the same structure, with each record corresponding to a full cork

stopper analysis cycle and containing 59 operational variables derived from sensors mon-

itoring mechanical, thermal, and flow-related parameters across multiple components of

the system.

For continuous sensor measurements, such as torque, temperature, pressure, or valve

positions, the dataset stores the average value per cork, and in some cases, also includes

the minimum and maximum values observed throughout the 20-second analysis cycle. In

addition to these, a small number of categorical variables are included to identify the

PUnit and chamber involved in each operation. Table 3.1 provides a detailed listing of all

recorded features used in the analysis.

Structurally, the dataset includes data from four distinct PUnits (denoted by the variable

PUnit), each representing an independent NDTech 2.0 machine. Each of these machines

contains eight chambers (identified by the variable Chamber), responsible for analyzing

individual corks during the detection process. The analyses conducted by each chamber

are entirely independent, allowing for a granular view of the system’s operational behavior

and facilitating the localization of potential anomalies within specific modules.

A key challenge is that the NDTech system does not include an integrated mechanism

for real-time labeling of operational states. As such, the dataset is unlabelled; it does not

identify whether each observation corresponds to normal or faulty behavior. This limitation
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Table 3.1: List of features used in the NDTech 2.0 dataset.

Feature Category Features
Continuous Features LI_Torque_Min, LI_Torque_Avg, LI_Torque_Max,

SS_Torque_Min, SS_Torque_Avg, SS_Torque_Max,
DS_Torque_Min, DS_Torque_Avg, DS_Torque_Max,
CS_Torque_Min, CS_Torque_Avg, CS_Torque_Max,
Box104_OutY_Min, Box104_OutY_Max, Box104_OutY_Avg,
Box104_EffX_Min, Box104_EffX_Max, Box104_EffX_Avg,
Box105_OutY_Min, Box105_OutY_Max, Box105_OutY_Avg,
Box105_EffX_Min, Box105_EffX_Max, Box105_EffX_Avg,
Box106_OutY_Min, Box106_OutY_Max, Box106_OutY_Avg,
Box106_EffX_Min, Box106_EffX_Max, Box106_EffX_Avg,
Box107_OutY_Min, Box107_OutY_Max, Box107_OutY_Avg,
Box107_EffX_Min, Box107_EffX_Max, Box107_EffX_Avg,
Box108_OutY_Min, Box108_OutY_Max, Box108_OutY_Avg,
Box108_EffX_Min, Box108_EffX_Max, Box108_EffX_Avg,
ChamberPressure_1_Min, ChamberPressure_1_Max,
ChamberPressure_1_Avg, ChamberPressure_2_Min,
ChamberPressure_2_Max, ChamberPressure_2_Avg,
Chamber_Temp, Detector_Temp, Column_Temp,
Preheater_Temp, SS_Position, CS_Position, DS_Position,
LI_Position

Categorical Features PUnit, Chamber

necessitates the use of unsupervised learning techniques for AD, which requires careful

statistical and temporal analysis to identify irregularities and detect deviations from normal

patterns.

To support the development and evaluation of the models deployed, failure data was pro-

vided by the maintenance team. This dataset consists of manually reported failure events

for the four PUnits, indicating both the date of the failure and its severity classification

(severe or non-severe).

The Tables 3.2-3.5 summarize the failure reports per PUnit. Each row corresponds to a

failure occurrence, with the associated date and severity. These reports were later used

as references when validating model predictions.

Table 3.2: Failure Reports - PUnit 3

Date Severity
2025-01-07 Severe
2025-01-10 Severe
2023-01-13 Non-Severe
2023-01-15 Non-Severe
2023-01-16 Severe
2023-01-19 Non-Severe

Table 3.3: Failure Reports - PUnit 10

Date Severity
2025-01-07 Severe
2025-01-08 Non-Severe
2023-01-10 Severe
2023-01-13 Severe
2023-01-18 Non-Severe
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Table 3.4: Failure Reports - PUnit 12

Date Severity
2025-01-07 Non-Severe
2023-01-14 Severe
2023-01-18 Non-Severe
2023-01-19 Non-Severe

Table 3.5: Failure Reports - PUnit 15

Date Severity
2025-01-07 Non-Severe
2023-01-08 Severe
2023-01-10 Non-Severe
2023-01-12 Severe
2023-01-18 Non-Severe

3.3. Exploratory Data Analysis

Given the lack of labelled data and the complex nature of the underlying physical system,

the goal of this phase is to uncover relevant patterns, identify potential sources of vari-

ability, and assess the representativeness and quality of the data collected. This section

focuses on the January 2025 dataset, as it represents the full operational context where

anomalies may have occurred. The training dataset (November 2024), confirmed to be

normal, is not subjected to the same exploratory process, as it is assumed to reflect the

system’s typical behavior for model training purposes. However, as mentioned earlier,

this will be detailed in Section 3.4.4.1.

As said before, these data originate from the NDTech 2.0 system and capture opera-

tional metrics from four different machines, each identified by a unique PUnit code. Each

machine is equipped with eight independent analysis chambers, which conduct individ-

ual chromatographic analyses to detect the presence of TCA in cork stoppers. As each

chamber operates autonomously, the dataset contains observations that reflect parallel

and independent measurement cycles.

This phase of the analysis seeks to characterize the statistical properties of the variables

available, explore their distribution, examine correlations, and detect potential anomalies

or inconsistencies. Special attention is paid to groups of features that describe mechan-

ical movements (e.g., valve positions and torques), thermal behavior (e.g., component

temperatures), and flow characteristics (e.g., pressure and gas flow measurements), as

well as timing-related variables from the chromatographic process.

3.3.1 Data Cleaning and Transformation

The initial Exploratory Data Analysis (EDA) phase rigorously assessed data quality for

consistency. This revealed 150 missing values (NULL) in the SS_Torque_Min feature,

which were addressed to prevent ML algorithm errors or biased results.
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Data validation also identified an invalid Punit value (-1), correcting it to conform to valid

entries (3, 10, 12, 15), and ensured chamber identifiers were within their operational range

(1 to 8). These initial cleaning steps prepared the dataset for feature transformation.

Continuous variables were standardized using StandardScaler*, transforming data to

a mean of 0 and standard deviation of 1. This crucial step prevents features with larger

numerical ranges from disproportionately influencingML algorithms, ensuring proportional

contribution and improving model performance.

In parallel, categorical chamber data (1 to 8) were transformed using OneHotEncoder†.

This method creates binary columns for each category, preventing ML algorithms from

misinterpreting nominal data (where no ordinal relationship exists) and ensuring accurate

representation of distinct chambers.

Following cleaning and transformation, the dataset was logically grouped by PUnit. This

strategic step supports subsequent comparative analysis, aiding in identifying unique

operational characteristics and developing PUnit-specific maintenance strategies or AD

thresholds.

3.3.2 Data Visualization

The next focus is understanding the data’s representativeness through the utilization of

various visualization tools such as box plots, violin plots, and scatter plots, which can aid

in achieving the desired objectives. These core goals center around gaining insights into

the data’s distribution, the differences between the available features, identifying potential

subgroups within the data, detecting possible unusual values, and recognizing potential

patterns and relationships among variables. Given the diverse nature of measurements

represented by various sets of features, differences in how the data is characterized and

distributed were anticipated. For instance, mechanical features like valve torques and po-

sitions might exhibit distinct distributional properties compared to thermal measurements

or gas flow parameters.

Fig. 3.2 presents boxplots of a subset of the continuous variables, grouped by the PUnit

(PUnit). Each subplot corresponds to one of the four PUnit (3, 10, 12, and 15), and within

each subplot, the distribution of some key continuous features across the eight chambers

of that PUnit can be observed.

*https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.StandardScaler.html
†https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OneHotEncoder.html
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(a) PUnit 3
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(b) PUnit 10
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(c) PUnit 12

Cha
mbe

r_1

Cha
mbe

r_2

Cha
mbe

r_3

Cha
mbe

r_4

Cha
mbe

r_5

Cha
mbe

r_6

Cha
mbe

r_7

Cha
mbe

r_8

2

1

0

1

Boxplot for DS_Torque_Avg

Cha
mbe

r_1

Cha
mbe

r_2

Cha
mbe

r_3

Cha
mbe

r_4

Cha
mbe

r_5

Cha
mbe

r_6

Cha
mbe

r_7

Cha
mbe

r_8

2

1

0

1

2

Boxplot for CS_Torque_Avg

Cha
mbe

r_1

Cha
mbe

r_2

Cha
mbe

r_3

Cha
mbe

r_4

Cha
mbe

r_5

Cha
mbe

r_6

Cha
mbe

r_7

Cha
mbe

r_8

1.0

0.5

0.0

0.5

1.0

Boxplot for Box105_OutY_Avg

Cha
mbe

r_1

Cha
mbe

r_2

Cha
mbe

r_3

Cha
mbe

r_4

Cha
mbe

r_5

Cha
mbe

r_6

Cha
mbe

r_7

Cha
mbe

r_8

1.0

0.5

0.0

0.5

1.0
Boxplot for Box105_EffX_Avg

(d) PUnit 15

Figure 3.2: Boxplots of continuos variables by PUnit.

Analyzing the boxplots reveals several key observations. Firstly, for many variables,

there appears to be noticeable variability in the distributions across the different cham-

bers within the same PUnit. For example, in PUnit 3 (Fig. 3.2a), the average DS torque

(DS_Torque_Avg) demonstrates relatively consistent behavior across chambers, while the

averageCS torque (CS_Torque_Avg) exhibits greater variation, particularly with Chamber_2

showing a lower median and a wider spread. Furthermore, comparing the same variable

across different PUnits reveals potential differences in their operational characteristics.

For instance, the average CS torque (CS_Torque_Avg) in PUnit 10 (Fig. 3.2b) generally

shows higher values compared to PUnit 3. Similarly, the Box105_OutY_Avg variable ap-

pears to have a broader range and different median values across the four PUnits.

The boxplots also highlight the presence of potential irregular entries in several variables

and across different chambers. These are represented by individual points lying outside

the whiskers of the boxplots. For example, the Box105_EffX_Avg in several chambers

of PUnit 10 shows irregular entries, indicating instances where the measured effective

flow deviates significantly from the typical range. Moreover, it’s evident that the scale

and range of values differ considerably across the various features. Torque values gen-

erally fall within a smaller range compared to some of the gas flow measurements (e.g.,

Box108_EffX_Avg). This difference in scale will likely need to be addressed during the

modeling phase, potentially through standardization or normalization techniques.
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Figure 3.3: Distribution of DS_Torque_Avg by PUnit and Chamber Parity.

Interestingly, for some variables, a distinct pattern emerges where the distributions of

even-numbered chambers tend to exhibit similar characteristics to each other, as do the

distributions of odd-numbered chambers, although a systematic difference might exist

between these two groups. This pattern suggests a potential influence of the physical

structure or the operational sequencing of the system on the measurements. To further

illustrate this, a split violin plot showing the distribution of DS_Torque_Avg by PUnit and

Chamber Parity (Odd vs. Even) is presented in Fig. 3.3. As depicted in this plot, partic-

ularly when observing the DS_Torque_Avg across the various PUnits, the distributions for

odd-numbered chambers (1, 3, 5, 7) consistently cluster together, often with a different

median and spread compared to the even-numbered chambers (2, 4, 6, 8), which form an-

other distinct cluster. For instance, when observing the DS_Torque_Avg in PUnit 12 (also

visible in Fig. 3.2c, though less explicitly showing parity), the odd-numbered chambers

show a narrower, more concentrated distribution for DS_Torque_Avg at a higher value,

contrasting with the even-numbered chambers which exhibit a wider spread and a lower

central tendency. This visual evidence strongly supports the hypothesis of a standard-

ized operational behavior based on chamber parity, providing valuable insights into the

system’s internal workings. This type of inherent standardization could be highly relevant

for AD, as any deviation that disrupts this established parity pattern would be a strong

indicator of abnormal system behavior.

Further detailed examination of the operational data reveals consistent patterns in the

distribution of torque variables, significantly influenced by both the specific PUnit and the

parity of the analytical chamber. Fig. 3.4 presents a series of stacked histograms for
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the average torque of key valves (LI_Torque_Avg, SS_Torque_Avg, DS_Torque_Avg, and

CS_Torque_Avg) organized by PUnit and further segmented by Chamber Parity (Odd or

Even).

Figure 3.4: Distribution of Torque Variables by PUnit.

Across all PUnits, a striking bimodal or multi-modal distribution is frequently observed

for LI_Torque_Avg and CS_Torque_Avg, and this characteristic is strongly tied to cham-

ber parity. For instance, in PUnit 3, LI_Torque_Avg clearly shows two distinct peaks,

with the odd chambers contributing predominantly to one peak and even chambers to

the other. This parity-based segregation is consistently visible for LI_Torque_Avg and

CS_Torque_Avg across all presented PUnits, suggesting that the mechanical operations

of these valves inherently differ based on whether the cork is processed in an odd or

even-numbered chamber. This could imply distinct operational profiles or slightly differ-

ent physical configurations for these two groups of chambers.
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In contrast, the DS_Torque_Avg distributions exhibit a more unique and often less bimodal

pattern based on parity. While DS_Torque_Avg for odd chambers generally forms a tight,

unimodal distribution at a higher value (around 0.5 to 1.0), the even chambers often dis-

play a broader or more dispersed distribution at lower values (often around -1.0 to -0.5),

as particularly evident in PUnits 3, 10, and 15. This suggests a more pronounced and

consistent difference in the DS_Torque_Avg behavior between odd and even chambers

compared to LI and CS torques.

The SS_Torque_Avg also shows interesting variations. While some PUnits like 3 display

a somewhat bimodal distribution related to parity, others, such as PUnit 12, appear to

have more overlapping or less distinctly separated distributions for odd and even cham-

bers, though still with noticeable differences in their central tendencies or spreads. These

visualizations reinforce the notion that Chamber Parity is a critical factor influencing the

operational behavior of the NDTech 2.0 system, particularly concerning valve torque mea-

surements.

Figure 3.5: Torque Variables Over Time by PUnit.

Building upon the insights gained from the distribution analysis of torque variables, it be-

comes equally crucial to examine their behavior over time. Fig. 3.5 presents time-series
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plots for LI_Torque_Avg, SS_Torque_Avg, and CS_Torque_Avg for each PUnit over the

observed period in January 2025. This temporal perspective enables the identification

of trends, cyclical patterns, and, most importantly, anomalous spikes or shifts that may

indicate emerging issues or potential failures.

Across all PUnits, the torque variables generally exhibit a cyclical or oscillating pattern,

reflecting the repetitive nature of the cork analysis process. However, closer inspection re-

veals variations and anomalies. For instance, in PUnit 3, the LI_Torque_Avg (top-left sub-

plot) displays periods of relatively stable operation interspersed with pronounced, sharp

increases or spikes in torque, particularly around January 10th and later. These sud-

den, high-magnitude deviations from the typical operating range are strong candidates

for anomalous behavior, potentially indicating increased resistance or friction in the Load

Inject valve mechanism, which could lead to wear or impending failure. Similar, though

sometimes less dramatic, spikes can be observed for SS_Torque_Avg and CS_Torque_Avg

across various PUnits.

Furthermore, subtle shifts in the baseline or the amplitude of the oscillations are also

evident and warrant future investigation. For example, in PUnit 12, the LI_Torque_Avg

seems to undergo a slight but sustained increase in its baseline torque values towards the

latter half of the depicted period (e.g., after January 15th). Such gradual drifts, while not as

immediately alarming as sharp spikes, can signify progressive degradation, component

wear, or a change in system calibration that, if left unaddressed, could lead to perfor-

mance degradation or eventual malfunction. These sustained changes, even if small in

magnitude, are critical to monitor as they represent a different class of anomaly compared

to instantaneous peaks.

The consistency of the overall operational envelopes for each torque variable across the

different PUnits suggests a generally robust system. However, the intermittent spikes and

subtle shifts observed in these time-series plots are crucial for future PdM efforts. Identify-

ing the root causes of these deviations, whether they are transient operational variations,

sensor noise, or genuine indicators of mechanical stress or degradation, will be a primary

focus. The unsupervised learning models to be developed will aim to automatically de-

tect these kinds of temporal anomalies, allowing for early intervention and a reduction

in unscheduled downtime, thereby enhancing the overall reliability and efficiency of the

NDTech 2.0 system.
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Following the analysis of individual variable distributions and their temporal behavior, un-

derstanding the relationships between different operational parameters is crucial for a

holistic view of the system’s state. Fig. 3.6 presents correlation heatmaps for key torque

and flow-related variables, segmented by each PUnit. These heatmaps illustrate the Pear-

son correlation coefficient between pairs of features, providing insights into how move-

ments and gas flows within the system might influence each other. Positive correlations

(represented by greener shades) indicate that variables tend to increase or decrease to-

gether, while negative correlations (browner shades) suggest an inverse relationship.

Figure 3.6: Correlation Heatmaps per PUnit.

A prominent observation across all PUnits is the generally weak or negligible correlation

among the average torque variables (LI_Torque_Avg, SS_Torque_Avg, DS_Torque_Avg,

CS_Torque_Avg) themselves. This suggests that the operational forces or resistance ex-

perienced by one valve’s mechanism are largely independent of the others. This relative

independence could simplify fault isolation, as a problem with one valve’s torque is less

likely to directly propagate to another.
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However, more interesting patterns emerge when considering the relationships between

torque variables and the Box variables (representing gas flow characteristics) or Cham-

berPressure variables. For instance, in PUnit 3, we observe a moderate positive correla-

tion between LI_Torque_Avg and Box104_EffX_Max, and a moderate negative correlation

with Box104_OutY_Max. This could indicate that specific load injector valve operations are

directly influencing the gas flow dynamics through Box104, where higher torque might be

associated with certain flow characteristics. Similar cross-correlations, though varying in

strength and sign, can be seen for other PUnits. For example, PUnit 10 also shows a

notable positive correlation between LI_Torque_Avg and Box104_EffX_Max.

A particularly consistent pattern across all PUnits is the strong negative correlation be-

tween Box105_EffX_Max and Box106_EffX_Max, as well as Box107_EffX_Max and Box108_EffX_Max.

This strong inverse relationship between consecutive Box pairs suggests a compensatory

or sequential flow mechanism within the column selector system. As flow increases in

one path, it tends to decrease in the other, which is consistent with a system designed to

precisely direct and manage nitrogen purging and sample flow. This provides a crucial

baseline for normal operational relationships. Any significant deviation from these strong

negative correlations could be a critical indicator of a malfunction, such as a valve sticking,

a blockage, or a sensor reading error within the gas line system.

Furthermore, correlations involving ChamberPressure_1_Avg and ChamberPressure_2_Avg

with torque or flow variables show varying strengths across PUnits, indicating nuances in

how chamber pressure might be indirectly affected by valve operations or gas flow, or

vice-versa.

3.4. Methodology

The system architecture, illustrated in Fig. 3.7, is designed to address the key objectives

of real-time automated AD and the provision of interpretable explanations for failures or

rare events, as outlined in Section 1.1. This architecture is fundamentally decomposed

into two interconnected layers: the Failure Prediction Layer and the Explanation Layer.

This dual-layer approach is inspired by contemporary PdM methodologies that integrate

robust AD with clear interpretability to enhance operational decision-making, specifically

drawing inspiration from the works presented in [62, 64].

The first layer, the Failure Prediction Layer, is responsible for identifying deviations from

normal system behavior. Drawing inspiration from unsupervised DL models used in sim-

ilar PdM contexts. Specifically, we will investigate AEs. These models are designed to
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Figure 3.7: High-level view of the architecture.

learn the intricate patterns of normal operation from sensor data. When a new observation

is processed, the model computes a metric ( Reconstruction Error (RE)) to quantify the

deviation from learned normal conditions. A significant deviation, exceeding a predefined

threshold, triggers an alarm, signaling a potential anomaly or failure.

Running in parallel and online with the Failure Prediction Layer is the Explanation Layer.

This layer’s primary function is to provide human-understandable insights into why an

anomaly or failure signal was triggered. While the detection layer identifies what is ab-

normal, the explanation layer aims to illuminate the causes of the anomaly. This is critical

for operators, technicians, and managers to formulate effective repair plans and mainte-

nance actions. This thesis will explore LIME framework* for this layer. The Explanation

Layer receives the input features and the output from the Failure Prediction Layer. It then

learns an interpretable mapping that describes the relationship between the input features

and the anomaly signal. When an alarm is triggered, the Explanation Layer leverages this

learned mapping to identify which specific sensors or input features contributed most sig-

nificantly to the anomaly, thereby allowing for the identification of the component involved

*https://github.com/marcotcr/lime
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in the failure. This approach facilitates explanations for particular detected failures, en-

hancing trust and usability for industry professionals.

By integrating these two layers, the proposed system aims to not only accurately detect

potential failures in real-time but also to provide actionable, interpretable explanations,

thereby significantly improving the efficiency and effectiveness of PdM operations on the

NDTech system.

3.4.1 Failure Prediction Layer

The Failure Prediction Layer constitutes the foundational component of the real-time AD

system. Its primary responsibility is to continuously monitor the processed operational

data from the NDTech system and precisely identify any significant deviations from its

established normal behavior. This layer operates entirely in an unsupervised learning

paradigm, meaning it autonomously discerns and models the intricate patterns inherent

to normal system operation without the need for pre-labeled anomaly data.

The input to this layer originates from the Feature Construction phase, where sensor read-

ings undergo a critical transformation into a set of relevant, engineered features, denoted

as X. A pivotal aspect of this data preparation is the partitioning of the comprehensive

data stream into distinct subsets corresponding to each of the four functional PUnits (3,

10, 12, and 15) of the NDTech system. This disaggregation is indispensable, as the data

is initially aggregated, and the operational characteristics and potential failure modes are

unique to each PUnit. Consequently, individual AD models are trained and deployed for

each PUnit, allowing for highly specialized and sensitive AD tailored to their specific dy-

namics.

Within this layer, we systematically implement and rigorously the performance of one

prominent family of DL models: AEs. Each model type offers distinct advantages for AD

in complex industrial environments—the detailed conceptual architectures can be found

in Appendix A.1.

3.4.2 Explanation Layer

The Explanation Layer operates concurrently and in an online fashion with the Failure

Prediction Layer, serving as a critical bridge between raw anomaly alarms and action-

able intelligence. Its fundamental purpose is to demystify ”why” a particular failure signal

was triggered by the detection models, thereby providing human-understandable insights.
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While the Failure Prediction Layer excels at identifying ”what” is abnormal, the Explanation

Layer is designed to illuminate the underlying causes of these detected anomalies. This

capability is paramount for NDTech operators, technicians, and managers, enabling them

to formulate precise repair plans, execute targeted maintenance actions, and generally

enhance their decision-making processes.

This layer receives two primary inputs: the original input features X that were fed into the

detection models at the time of the anomaly, and the anomaly score y (e.g., RE) generated

by the Failure Prediction Layer. Using these inputs, the Explanation Layer constructs an

interpretable mapping that articulates the relationship between the input features and the

anomaly signal. When an alarm is activated, this learned mapping is leveraged to pinpoint

which specific sensors or input features contributed most significantly to the anomaly,

thereby facilitating the identification of the affected component within the NDTech system.

Therefore, we will explore one methodology within this layer: LIME—in Appendix A.2 is

explained how it works.

The integrated architecture, combining robust detection with interpretable explanations,

aims to significantly improve the efficiency and effectiveness of PdM operations on the

NDTech system.

3.4.3 Data Preparation and Chunking Strategy

The raw sensor data from the NDTech 2.0 system undergoes a crucial Feature Construc-

tion phase, transforming it into a structured input dataset, denoted as X. For DL models to

effectively process this continuous time-series data, its organization into sequential seg-

ments is paramount. This is achieved through a precise chunking strategy, where the op-

erational data for each PUnit is partitioned into overlapping sequences, or ”chunks”, using

a sliding window approach. This method is fundamental because DL models, particularly

LSTMs, necessitate sequential input to capture temporal dependencies and understand

the evolving state of the PUnits. Furthermore, processing continuous, arbitrarily long time

series is computationally inefficient; chunking mitigates this by creating fixed-size seg-

ments, facilitating both efficient training and real-time inference. The sliding window with

overlap also closely simulates the online data processing environment, where new data

continuously arrives, and predictions are made over recent historical windows, while also

augmenting the training dataset for more robust feature learning by exposing the model

to varied temporal contexts.
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In this implementation, the data is segmented based on operational cycles. Each cy-

cle comprises 8 timesteps. A value of 5 cycles defines the chunk size as 40 timesteps,

meaning each input sequence to the model covers a 40-timestep temporal window, cor-

responding a 20-minute duration. The stride per chunk of 1 cycle, translating to a stride

size of 8 timesteps, defines the overlap between consecutive chunks. This configuration

ensures that each new chunk incorporates updated information while retaining significant

temporal context from the previous segment, enabling continuous monitoring. The data

pipeline sorts the data frame by timestamp, converting continuous and chamber-specific

features into numerical arrays. Crucially, timestamps corresponding to the start and end

of each chunk are also extracted and preserved, which is vital for later analysis and con-

textualizing explanations. The sliding window approach is utilized to efficiently create

these overlapping chunks for both continuous and chamber variables, maintaining tem-

poral integrity. The resulting chunks are then separately stored for each individual PUnit,

a critical methodological choice to account for the unique operational characteristics and

baseline behaviors inherent to each machine within the NDTech 2.0 system.

3.4.4 Training Process of the Failure Prediction Models

The AD models Long Short-Term Memory Autoencoder (LSTM-AE) and WAE-GAN with

TCN are trained in an entirely unsupervised manner. This approach is necessitated by

the inherent scarcity and often undefined nature of labeled anomaly data in real-world in-

dustrial settings. The core training objective for these models is to accurately reconstruct,

or faithfully represent, the ”normal” operational behavior of each PUnit. This learned nor-

mality then serves as the fundamental baseline against which all subsequent operational

data streams are continuously compared, allowing for the precise identification of any

significant deviations that signal potential anomalies.

3.4.4.1 Offline Training

For each individual PUnit, a dedicated instance of each AD algorithm is trained. As re-

ferred before, this training phase is conducted offline, utilizing a substantial dataset com-

prising 10 days of historical operational data that are rigorously confirmed to correspond

exclusively to the normal functioning of the machines. This duration aligns with estab-

lished practices in PdM studies, such as [63, 64], providing sufficient data to capture the

intricate normal patterns and inherent variability of the system. The rationale for using
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only normal data is to teach the models to recognize deviations from this baseline, as any

significant divergence would then be flagged as an anomaly.

Before training, an essential data preprocessing step was performed to handle potential

extreme values in the training set. Specifically, for each continuous feature, the z-score

was computed, and any observation exceeding a threshold of |z| ≥ 3 was flagged as a

potential outlier. These values were temporarily masked and subsequently imputed using

a feature-wise RF Regressor. This approach models each affected feature based on the

remaining features, enabling robust and non-linear imputation that respects the underlying

multivariate structure of the data.

Imputation were performed separately for each PUnit, and the following number of anoma-

lous rows were identified and corrected: 4415 rows for PUnit 3, 2668 for PUnit 10, 2690

for PUnit 12, and 6042 for PUnit 15. These values were then replaced by the respective

RF predictions to ensure continuity and uniformity in the dataset. In Fig. 3.8 it can seen

the trade-of between total and imputed records per PUnit.
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Figure 3.8: Total vs Imputed Records per PUnit.

After imputation, each dataset was standardized using a StandardScaler, which trans-

forms each continuous variable to have zero mean and PUnit variance, improving the

convergence behavior of the neural network models. Categorical variables (specifically,

Chamber) were one-hot encoded to ensure compatibility with the model input layers. The

Punit identifier, being already used to segment and train per-machinemodels, was dropped

from the feature set to avoid redundancy.
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During model training, the objective is to minimize a reconstruction loss. For AE, this

is typically the MSE, while the WAE-GAN incorporates an additional adversarial loss to

regularize the latent space and improve the representativeness of the generated recon-

structions. The training process follows standard DL practices, including the use of the

Adam optimizer and careful tuning of hyperparameters such as learning rate, batch size,

and number of epochs for each model architecture and PUnit to ensure optimal learning

of normal patterns. Training a separate model per PUnit accounts for individual machine

characteristics and operational variability.

3.4.4.2 Training Error and Threshold Calculation

Upon completion of the offline training, the reconstruction errors for all normal training

data chunks are computed. This distribution of normal reconstruction errors establishes

the baseline for AD. A pivotal step is to establish a robust threshold to differentiate between

normal and anomalous observations. A commonly adopted method, effective for the often

skewed error distributions in AD, is based on statistical quartiles:

Threshold = Q3 + 3 × (Q3 − Q1)

Here, Q1 represents the first quartile (25th percentile) and Q3 represents the third quartile

(75th percentile) of the training reconstruction errors. The term (Q3−Q1) is the Interquar-

tile Range (IQR). This formula, a variant of Tukey’s fences [80], defines an upper boundary

that robustly captures the vast majority of normal variations. The multiplier ”3” for the IQR

is a heuristic, chosen to be robust to outliers in the normal error distribution, providing a

practical balance between sensitivity to true anomalies and minimizing false alarm rates,

which are critical considerations in industrial applications.

3.4.5 Test Process

After model training and threshold establishment, the system transitions to the test phase,

mimicking real-time operational monitoring to detect anomalies in unseen data.

3.4.5.1 Online Anomaly Detection

In the test process, the trained algorithms are applied to new (unseen operational) data,

which is continuously processed into chunks using the identical ”chunking strategy” em-

ployed during training. For each incoming chunk, the model computes its reconstruction

error. This error is then compared against the pre-determined threshold derived from the
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normal training data. If the test error for a given chunk exceeds the calculated threshold,

it is flagged as a potential anomaly, producing a binary output (1 for anomalous, 0 for

normal) for each processed chunk.

3.4.5.2 Low-Pass Filter Application

Raw anomaly scores can often be noisy, leading to transient spikes that do not represent

true system failures. To mitigate this and increase the robustness of the solution, a low-

pass filter is applied to the binary anomaly output stream. This filter, often implemented

as a simple moving average or exponential smoothing, effectively smooths out short-term

fluctuations and highlights longer-term trends in the anomaly signal. There is a parameter

alpha that controls the degree of smoothing; higher alpha values result in less smoothing

(more sensitive to rapid changes), while lower alpha values result in more smoothing (less

sensitive, requiring a more sustained anomaly to trigger an alert). This post-processing

step significantly reduces false positives and ensures that only persistent and significant

deviations trigger an alarm for the Explanation Layer, enhancing the system’s practical

utility.

3.4.6 Evaluation Metrics

To rigorously assess the performance of the AD models, a clear evaluation approach

is established based on the temporal overlap between predicted anomaly intervals and

actual failures reported by maintenance teams. This approach ensures that evaluation

directly reflects real-world operational relevance.

Specifically, the following definitions are applied for classification:

• True Positive (TP): An output anomaly interval is considered a true positive if it

significantly overlaps with a failure event reported by maintenance teams. This in-

dicates a successful detection of a genuine fault.

• False Positive (FP): An output anomaly interval is classified as a false positive

(false alarm) if it does not overlap with any failure reported by maintenance. These

represent unnecessary alerts, which can lead to wasted resources and operator

fatigue.

• False Negative (FN): If a failure is reported by maintenance but does not corre-

spond to any output anomaly interval from the model, this event is considered a
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false negative (a missed alarm). Missed detections are critical as they can lead to

unexpected downtime, increased repair costs, and safety issues.

Based on these definitions, the model’s performance is quantified using key metrics that

are crucial in PdM contexts, aligning with practices in [64].

We report our primary results using the F1-score, which is the harmonicmean of Precision

and Recall. Precision, calculated as TP/(TP+ FP), measures the proportion of correctly

identified anomalies among all predicted anomalies, reflecting the model’s accuracy in

avoiding false alarms. Recall, calculated as TP/(TP+ FN), measures the proportion of

actual anomalies that were successfully detected, reflecting themodel’s ability to minimize

missed failures. The F1-score provides a balanced assessment, particularly valuable in

AD where class imbalance is common, as it penalizes models that perform poorly on

either precision or recall.

In addition to individual performance metrics, we analyze the confusion matrix for each

model. This provides a comprehensive view of classification outcomes, helping identify

tendencies such as over-sensitivity or under-detection. The confusion matrix includes all

three components (TP, FP, FN), allowing for a more granular evaluation of model behavior

across various conditions.

In cases where two or more models achieve equivalent performance under the primary

evaluation, the F1-score is used as a tiebreaker. The model with the highest F1-score

among the tied candidates is selected as the better option, given its balanced emphasis

on both false alarms and missed detections.

These metrics collectively provide a robust and interpretable basis for assessing the prac-

tical utility and effectiveness of the AD models within the NDTech 2.0 system.

3.4.7 Integration with Explanation Layer

The final crucial step in the proposed system is the seamless integration of the Failure

Prediction Layer with the Explanation Layer. Once an anomaly is detected and confirmed

(post-low-pass filter and thresholding), the system triggers the explanation process, bridg-

ing the gap between detection and actionable insight.

When an alarm is activated for a specific PUnit, the raw input features X that led to this

anomaly, along with the calculated anomaly score y (reconstruction/output error), are

passed to the Explanation Layer. This layer then leverages LIME to provide interpretable
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insights into the detected anomaly. This multi-pronged approach offers versatility in diag-

nostic reporting. LIME creates a local, interpretable surrogate model around the anoma-

lous instance. By perturbing the input features and observing the black-box model’s re-

sponse, LIME identifies the most influential features responsible for the anomaly. This

provides a localized understanding of the anomaly’s root causes. This comprehensive

integration ensures the system not only alerts operators to anomalies but also empowers

them with critical diagnostic information, significantly reducing downtime and improving

maintenance efficiency by directing attention to the precise cause of the deviation, aligning

with the architectural vision for NDTech 2.0’s AD and explanation capabilities presented

in Fig. 3.7.
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4. Experimental Study
This chapter details the implementation of the failure prediction models, including their

architecture, training methodology, and the results obtained, related to the failure predic-

tion layer. It also covers the application of interpretability technique to provide actionable

insights into detected failures, related to the explanation layer.

4.1. Implementation of Anomaly Detection Models

This section describes the practical implementation of the ADmodels, specifically focusing

on the LSTM-AE and WAE-GAN. Both models process continuous features (e.g., torque,

position, temperature) and categorical chamber identifiers. The categorical features are

transformed into dense vectors via an embedding layer and then concatenated with con-

tinuous features to form a unified input. The hyperparameter tuning for each model can

be found in Appendix A.3, where each table includes the identifiers of the trained models,

which are referenced in the subsequent analysis.

4.1.1 LSTM Autoencoder

The LSTM-AE is fundamentally structured upon a classic encoder-decoder paradigm, de-

signed to learn a compressed representation of normal operational patterns and recon-

struct the original input sequence. This architecture is conceptually illustrated in Fig. 4.1.

The encoder component is a multi-layered LSTM network that distills input sequences into

a compact latent representation. The decoder, conversely, reconstructs the original input

sequence from this latent vector, utilizing bidirectional LSTM layers for superior recon-

struction quality. The output layer is designed to reconstruct both the continuous features

and the chamber embeddings.

The training objective for the LSTM-AE is to minimize the discrepancy between origi-

nal and reconstructed sequences using a hybrid loss function. This function combines

MSE for continuous features and Cross-Entropy Loss for categorical chamber features.

Model optimization was conducted using the Adam optimizer with an adaptive learning

rate scheduler, and gradient clipping was applied to mitigate exploding gradients. Each

model was trained for 100-150 epochs, with losses meticulously logged to monitor con-

vergence. The AD threshold was determined based on the statistical distribution of REs
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Figure 4.1: Architectural Diagram of the LSTM-AE. The encoder maps input sequences
to a latent vector, which the decoder subsequently uses to reconstruct the original input,

thereby learning a compressed representation of normal operational patterns.

from normal training data. Further details on the model architecture, training process, and

feature definitions are provided in Appendix B.1.

4.1.2 Wasserstein Autoencoder Generative Adversarial Network

The WAE-GAN architecture is composed of three synergistic components: an Encoder,

a Decoder, and a Discriminator. Both the Encoder and Decoder leverage the power of

TCNs, known for their efficacy in processing sequential data, while the Discriminator is

an LSTM network adept at discerning temporal patterns. The architectural blueprint is

conceptually depicted in Fig. 4.2.

The Encoder maps high-dimensional input data into a lower-dimensional latent space.

The Decoder reconstructs the original input sequence from this latent vector. The LSTM-

Discriminator operates within the latent space, distinguishing between latent vectors from
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Figure 4.2: Architectural Diagram of the WAE-GAN. The Encoder maps input
sequences to a latent representation, which the Decoder subsequently uses for

reconstruction. The Discriminator distinguishes between latent vectors sampled from a
prior distribution (Gaussian) and those generated by the Encoder.

the Encoder’s output and those sampled from a standard multivariate Gaussian distribu-

tion.

The training of WAE-GAN models is a sophisticated multi-objective optimization problem.

It involves iteratively training the Discriminator and the combined Encoder-Decoder (as

the autoencoder/generator) in an asymmetric fashion, with the Encoder and Decoder up-

dated twice for every single Discriminator update. This ratio was empirically determined

to maintain a balanced adversarial game and promote stable convergence. The Encoder-

Decoder is trained to minimize RE (using MSE for continuous features and Cross-Entropy

for categorical features) and align its latent space with a prior distribution by ”fooling” the

Discriminator. The Discriminator is trained to distinguish between real and generated

latent samples. Gradient clipping and separate Adam optimizers are used for training
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stability. Further comprehensive details on the TCN Temporal Block, specific layer con-

figurations, loss function derivations, and detailed training process for WAE-GAN are pro-

vided in Appendix B.2.

4.2. Failure Prediction Results

This section presents a comprehensive analysis of the failure prediction performance

achieved by the trained LSTM-AE and WAE-GAN models for each PUnit. The evalua-

tion adheres to the rigorous metrics and definitions established in Section 3.4.6, focusing

on the F1-score, Precision, and Recall to quantify the models’ efficacy in identifying crit-

ical operational failures. For each PUnit, the best-performing LSTM-AE and WAE-GAN

model, selected based on a holistic assessment of its training convergence, validation

performance, and overall performance metrics.

To ensure comprehensive analysis while maintaining conciseness, this section focuses

on presenting the primary performance metrics and failure prediction plots for the se-

lected best model(s) for each PUnit. Detailed visual insights, including reconstruction

loss progressions, RE distributions, statistical summaries, and confusion matrices for all

evaluated models, can be found in Appendices C.1 and C.2.

4.2.1 LSTM-AE Performance

The training process for each PUnit involved evaluating multiple LSTM-AE architectures

and configurations. The selection of the best model for each PUnit was a meticulous

process, primarily guided by the reconstruction loss progression during training, the dis-

tribution of REs on both training and test datasets, and critically, the resulting classification

performance metrics derived from the confusion matrices. Some models demonstrating

stable convergence, minimal overfitting, and superior F1-scores on the unseen test data

were prioritized.

PUnit 3 Model lstm-ae-punit3-2 was the best performer among three candidates,

showing strong F1-score and Recall (Table 4.1). Fig. 4.3 illustrates its anomaly scores

over time. The model detected 3 severe and 2 non-severe failures but recorded one false

positive (2025-01-09) and missed a failure (2025-01-19).
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Figure 4.3: Failure Prediction for Model lstm-ae-punit3-2 - PUnit 3.

Table 4.1: Performance Measures for All Trained LSTM-AE Models - PUnit 3

Model ID Precision Recall F1-score
lstm-ae-punit3-1 1.00 0.50 0.67
lstm-ae-punit3-2 0.83 0.83 0.83
lstm-ae-punit3-3 1.00 0.67 0.80

PUnit 10 Model lstm-ae-punit10-1 achieved the highest F1-score and Precision (Ta-

ble 4.2). As shown in Fig. 4.4, it detected 3 severe and 1 non-severe failures but missed

one failure (2025-01-18).
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Figure 4.4: Failure Prediction for Model lstm-ae-punit10-1 - PUnit 10.

PUnit 12 Model lstm-ae-punit12-1 offered the best overall performance in terms of F1-

score (Table 4.3). It successfully identified 1 severe and 2 non-severe failures (Fig. 4.5),

but missed one failure (2025-01-07) and had a false positive (2025-01-15).
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Table 4.2: Performance Measures for All Trained LSTM-AE Models - PUnit 10

Model ID Precision Recall F1-score
lstm-ae-punit10-1 1.00 0.80 0.89
lstm-ae-punit10-2 0.80 0.80 0.80
lstm-ae-punit10-3 0.67 0.40 0.50
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Figure 4.5: Failure Prediction for Model lstm-ae-punit12-1 - PUnit 12.

Table 4.3: Performance Measures for All Trained LSTM-AE Models - PUnit 12

Model ID Precision Recall F1-score
lstm-ae-punit12-1 0.75 0.75 0.75
lstm-ae-punit12-2 0.60 0.75 0.67
lstm-ae-punit12-3 1.00 0.50 0.67

PUnit 15 Models lstm-ae-punit15-1 and lstm-ae-punit15-2 had equal metrics (Pre-

cision, Recall, F1-score), suggesting modest performance (Table 4.4). Each detected 1

severe and 2 non-severe failures but exhibited two false positives andmissed two failures,

as shown in Fig. 4.6.

Table 4.4: Performance Measures for All Trained LSTM-AE Models - PUnit 15

Model ID Precision Recall F1-score
lstm-ae-punit15-1 0.60 0.60 0.60
lstm-ae-punit15-2 0.60 0.60 0.60
lstm-ae-punit15-3 0.67 0.40 0.50
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Figure 4.6: Failure Prediction for Models lstm-ae-punit15-1 and lstm-ae-punit15-2
- PUnit 15.

4.2.2 WAE-GAN Performance

This section presents the performance of the trained WAE-GANmodels across all PUnits.

For each PUnit, the analysis focuses on AD visualizations and comprehensive perfor-

mance metrics for the optimal model. As with the LSTM-AE models, the optimal model is

selected based on performance metrics on the test set.

PUnit 3 Out of all trained models, wae-gan-punit3-3 achieved the highest performance

for PUnit 3, with an F1-score of 0.92 (see Table 4.5). The model detected three severe

and three non-severe failures, along with a single false positive on 2025-01-09 (Fig. 4.7).
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Figure 4.7: Failure Prediction for Model wae-gan-punit3-3 - PUnit 3.
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Table 4.5: Performance Measures for All Trained WAE-GAN Models - PUnit 3

Model ID Precision Recall F1-score
wae-gan-punit3-1 0.83 0.83 0.83
wae-gan-punit3-2 0.83 0.83 0.83
wae-gan-punit3-3 0.86 1.00 0.92
wae-gan-punit3-4 0.80 0.67 0.73

PUnit 10 Model wae-gan-punit10-4 delivered the best results for PUnit 10 with an F1-

score of 0.91 (Table 4.6). It successfully detected three severe and two non-severe fail-

ures, with one false positive occurring on 2025-01-17 (Fig. 4.8).
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Figure 4.8: Failure Prediction for Model wae-gan-punit10-4 - PUnit 10.

Table 4.6: Performance Measures for All Trained WAE-GAN Models - PUnit 10

Model ID Precision Recall F1-score
wae-gan-punit10-1 0.75 0.60 0.67
wae-gan-punit10-2 0.67 0.80 0.73
wae-gan-punit10-3 0.80 0.80 0.80
wae-gan-punit10-4 0.83 1.00 0.91

PUnit 12 The optimal model for PUnit 12, wae-gan-punit12-4, showed balanced and

stable performance, achieving an F1-score of 0.89 (Table 4.7). It detected two severe and

two non-severe failures, with one false positive on 2025-01-15 (Fig. 4.9).
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Figure 4.9: Failure Prediction for Model wae-gan-punit12-4 - PUnit 12.

Table 4.7: Performance Measures for All Trained WAE-GAN Models - PUnit 12

Model ID Precision Recall F1-score
wae-gan-punit12-1 0.67 0.50 0.57
wae-gan-punit12-2 0.75 0.75 0.75
wae-gan-punit12-3 0.75 0.75 0.75
wae-gan-punit12-4 0.80 1.00 0.89

PUnit 15 Model wae-gan-punit15-4 performed best for PUnit 15, achieving an F1-score

of 0.91 (Table 4.8). It identified two severe and three non-severe failures, with one false

positive on 2025-01-20 (Fig. 4.10).
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Figure 4.10: Failure Prediction for Model wae-gan-punit15-4 - PUnit 15.
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Table 4.8: Performance Measures for All Trained WAE-GAN Models - PUnit 15

Model ID Precision Recall F1-score
wae-gan-punit15-1 1.00 0.80 0.89
wae-gan-punit15-2 0.80 0.80 0.80
wae-gan-punit15-3 0.80 0.80 0.80
wae-gan-punit15-4 0.83 1.00 0.91

4.2.3 Summary of Performance

Across all evaluated PUnits, the WAE-GAN models consistently achieved notably higher

F1-scores, demonstrating their superior capability for this application. This superiority is

attributed to its adversarial training mechanism, which enables the generator to produce

more realistic reconstructions and leads to more precise decision boundaries for AD. Fur-

thermore, WAE-GAN models required significantly fewer epochs to converge (typically

around 30, compared to 100–120 for LSTM-AE), resulting in faster training and deploy-

ment. They also exhibited greater stability during normal operating periods, contributing

to reduced false positives and enhanced reliability. A key architectural strength of WAE-

GAN is its enforcement of a Gaussian prior in the latent space, which facilitates clearer

separation between normal and anomalous samples and aids robust threshold definition.

Furthermore, visualizations of the latent spaces (PCA, t-SNE, and latent dimension his-

tograms) of all WAE-GAN optimal models, which further support the distinct and structured

latent representation achieved are provided in Appendix C.3.

Table 4.9 summarizes the performance of the bestWAE-GANmodel for each PUnit, show-

casing their F1-scores, Precision, and Recall.

Table 4.9: Summary of Best WAE-GAN Model Performance Measures per PUnit.

PUnit Precision Recall F1-score
PUnit 3 0.86 1.00 0.92
PUnit 10 0.83 1.00 0.91
PUnit 12 0.80 1.00 0.89
PUnit 15 0.83 1.00 0.91
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4.2.4 Lead Time Analysis

For practical deployment in PdM, early detection is crucial. The lead times of failure

predictions across all PUnits ranged between approximately 30 to 70 minutes, enabling

proactive interventions. Fig. 4.11-4.14 illustrate how the anomaly score clearly rises above

the threshold preceding actual failure events for various failure events across different

PUnits, demonstrating consistent and practical lead times across units, which under-

scores the WAE-GAN effectiveness.
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Figure 4.11: Lead Time of Failure Prediction for Model wae-gan-punit3-3 - PUnit 3.

For PUnit 3, model wae-gan-punit3-3 consistently provided actionable lead times, as

shown in Fig. 4.11. A severe failure on 2025-01-10 was predicted 1 hour and 9 minutes

in advance, while a non-severe event on 2025-01-13 showed a lead time of 39 minutes.

Another severe failure on 2025-01-16 was detected 45 minutes prior, and a non-severe

failure on 2025-01-19 was identified 39 minutes before occurrence.
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For PUnit 10, model wae-gan-punit10-4 demonstrated similarly strong predictive capa-

bilities (Fig. 4.12). A severe failure on 2025-01-07 was detected 1 hour and 3 minutes in

advance, and another on 2025-01-10 was predicted 51 minutes prior. Non-severe fail-

ures on 2025-01-08 and 2025-01-18 were detected with lead times of 38 and 33 minutes,

respectively. These results indicate that severe failures generally exhibited longer lead

times (51–63 minutes) compared to non-severe ones (33–40 minutes), suggesting differ-

ent degradation profiles that can support prioritization of maintenance actions.
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Figure 4.12: Lead Time of Failure Prediction for Model wae-gan-punit10-4 - PUnit 10.

For PUnit 12, model wae-gan-punit12-4 also provided significant predictive value (Fig. 4.13),

detecting a severe failure on 2025-01-14 with a 1-hour lead time, and non-severe failures

on 2025-01-07, 2025-01-18, and 2025-01-19 with lead times of 30, 40, and 40 minutes,

respectively.
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Figure 4.13: Lead Time of Failure Prediction for Model wae-gan-punit12-4 - PUnit 12.

Lastly, model wae-gan-punit15-4 for PUnit 15 consistently delivered substantial advance

warnings (Fig. 4.14), predicting a severe failure on 2025-01-08 with a 1-hour lead time and

another on 2025-01-12 with 40 minutes. Non-severe events on 2025-01-07, 2025-01-10,

and 2025-01-18 were each detected with lead times ranging from 30 to 40 minutes. In all

cases, anomaly scores showed a clear and sustained rise above the threshold preced-

ing each event, reinforcing the reliability of the models’ forecasts. These consistent and

practical lead times across multiple units and failure severities underscore the WAE-GAN

effectiveness in enabling timely and proactive maintenance decisions within a predictive

maintenance context.
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Figure 4.14: Lead Time of Failure Prediction for Model wae-gan-punit15-4 - PUnit 15.

4.3. Failures Explanation Results

The ability to not only detect failures but also to understand their root causes is paramount

for effective PdM in complex industrial systems like NDTech 2.0. This section presents the

crucial results of applying the LIME framework to clarify the contributing factors behind de-

tected severe failures. This analysis aims to provide actionable insights for maintenance

teams, directing attention to the specific sensor readings that deviate from normal behav-

ior and explaining ”why” a failure was classified.

LIME’s interpretability is based on identifying specific binary conditions or rules for fea-

tures that locally explain a particular failure instance. These rules, presented as numerical

intervals, indicate that if a feature’s value falls within the specified range, it was identified

as a significant contributor to the anomaly. Features with positive contributions (visu-

ally represented in red in LIME explanations) increase the anomaly score, suggesting a
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potential failure. Conversely, negative contributions (green) push the prediction towards

normality. The following visualizations illustrate both the magnitude and direction of each

feature’s impact on the anomaly score for representative severe failure events. Com-

prehensive LIME explanations for all non-severe detected failures, and any other severe

failures not explicitly detailed here, are provided in Appendix C.4.

4.3.1 PUnit 3

This section details the LIME explanations for severe failures detected by the optimal

wae-gan-punit3-3 model in PUnit 3. These explanations highlight how specific feature

conditions contributed to high anomaly scores, providing both commonly identified pat-

terns and instance-specific insights for maintenance personnel.

Failure on 2025-01-07 Fig. 4.15 prominently highlights that this instance is primar-

ily explained by positive contributions from CS_Torque_Max being in a specific low neg-

ative range, alongside distinct conditions in Box106_OutY_Avg, Box108_EffX_Min, and

Box104_OutY_Max. Conversely, Box107_OutY_Max and ChamberPressure_1_Avg show

negative contributions, indicating their values were aligned with normal operation for this

specific failure. The detailed feature rules that contributed to this failure and their contri-

butions are summarized in Table 4.10.

Figure 4.15: LIME explanation for severe failure on 2025-01-07 detected by
wae-gan-punit3-3 in PUnit 3.

Failure on 2025-01-10 As seen in Fig. 4.16, this failure is primarily driven by positive

contributions from features such as a low DS_Position, specific low ranges for Box106_EffX_Min
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Table 4.10: LIME Rules for Severe Failure on 2025-01-07 in PUnit 3

Feature Rule (Condition)
CS_Torque_Max −0.61 < CS_Torque_Max ≤ −0.03
Box106_OutY_Avg −0.63 < Box106_OutY_Avg ≤ 0.01
Box108_EffX_Min Box108_EffX_Min > 0.57
Box104_OutY_Max Box104_OutY_Max > 0.58

and Preheater_Temp, a low LI_Position, and Box104_EffX_Min within a defined range.

These conditions indicate a deviation in operational parameters that collectively signal an

impending issue. In contrast, Box106_EffX_Avg and ChamberPressure_2_Avg show neg-

ative contributions, indicating their values were consistent with normal operation for this

specific failure. All failure’s contributing feature rules are summarized in Table 4.11.

Figure 4.16: LIME explanation for severe failure on 2025-01-10 detected by
wae-gan-punit3-3 in PUnit 3.

Table 4.11: LIME Rules for Severe Failure on 2025-01-10 in PUnit 3

Feature Rule (Condition)
DS_Position DS_Position ≤ −0.56
Box106_EffX_Min −0.61 < Box106_EffX_Min ≤ −0.02
Preheater_Temp −0.62 < Preheater_Temp ≤ −0.01
Box104_EffX_Min 0.03 < Box104_EffX_Min ≤ 0.66
LI_Position −0.56 < LI_Position ≤ 0.04

Failure on 2025-01-16 With Fig. 4.17 we can see that this failure is characterized by

positive contributions from a low CS_Torque_Max, high Box104_OutY_Avg, low Box105_OutY_Min,

a low Preheater_Temp, and ChamberPressure_2_Max within a specific range. These indi-

cate distinct sensor behaviors contributing to the anomaly. Features such as Box107_EffX_Avg
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and ChamberPressure_1_Min exhibit negative contributions, indicating their values were

consistent with normal operation for this specific event. The detailed feature rules and

their contributions to this failure are summarized in Table 4.12.

Figure 4.17: LIME explanation for severe failure on 2025-01-16 detected by
wae-gan-punit3-3 in PUnit 3.

Table 4.12: LIME Rules for Severe Failure on 2025-01-16 in PUnit 3

Feature Rule (Condition)
CS_Torque_Max −0.61 < CS_Torque_Max ≤ −0.56
Box104_OutY_Avg Box104_OutY_Avg ≤ −0.62
Box105_OutY_Min Box105_OutY_Min ≤ −0.66
Preheater_Temp −0.62 < Preheater_Temp ≤ −0.01
ChamberPressure_2_Max −0.62 < ChamberPressure_2_Max ≤ −0.01

4.3.2 PUnit 10

This section details the LIME explanations for severe failures detected by the optimal

wae-gan-punit10-4 model in PUnit 10. These insights are critical for identifying system-

specific deviations.

Failure on 2025-01-07 Fig. 4.18 prominently highlights that this instance is primarily ex-

plained by positive contributions from Box105_OutY_Min, CS_Torque_Max, Box108_OutY_Min,

and DS_Torque_Min being in specific low ranges, alongwith distinct conditions in Box106_OutY_Min.

These indicate problematic mechanical or operational states. Conversely, features like

Chamber_Temp and Detector_Temp show high negative contributions, indicating their val-

ues were aligned with normal operation for this specific failure. The detailed feature rules

that contributed to this failure are summarized in Table 4.13.
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Figure 4.18: LIME explanation for severe failure on 2025-01-07 detected by
wae-gan-puni10-4 in PUnit 10.

Table 4.13: LIME Rules for Severe Failure on 2025-01-07 in PUnit 10

Feature Rule (Condition)
Box106_OutY_Min Box106_OutY_Min ≤ −0.57
Box108_OutY_Min −0.58 < Box108_OutY_Min ≤ −0.00
DS_Torque_Min 0.03 < DS_Torque_Min ≤ 0.52
CS_Torque_Max −0.66 < CS_Torque_Max ≤ 0.01
Box105_OutY_Min −0.62 < Box105_OutY_Min ≤ −0.02

Failure on 2025-01-10 As seen in Fig. 4.19, the failure is primarily driven by positive

contributions from DS_Torque_Avg, LI_Torque_Min, CS_Torque_Avg, Box104_EffX_Min,

and Box107_OutY_Min. These features point to specific torque and efficiency deviations.

In contrast, features like Column_Temp and Chamber_Temp show strong negative contribu-

tions, indicating their values were consistent with normal operation for this specific failure.

All failure’s contributing feature rules are summarized in Table 4.14.

Table 4.14: LIME Rules for Severe Failure on 2025-01-10 in PUnit 10

Feature Rule (Condition)
DS_Torque_Avg −0.56 < DS_Torque_Avg ≤ 0.00
LI_Torque_Min LI_Torque_Min ≤ −0.60
CS_Torque_Avg 0.03 < CS_Torque_Avg ≤ 0.57
Box104_EffX_Min Box104_EffX_Min > 0.61
Box107_OutY_Min −0.56 < Box107_OutY_Min ≤ −0.02

Failure on 2025-01-13 Fig. 4.20 illustrates that this failure is characterized by positive

contributions from Box107_EffX_Avg, Box106_OutY_Min, Box104_EffX_Avg, and Box108_OutY_Min.
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Figure 4.19: LIME explanation for severe failure on 2025-01-10 detected by
wae-gan-punit10-4 in PUnit 10.

These highlight specific efficiency and output anomalies. Conversely, features such as

ChamberPressure_2_Avg and Box105_OutY_Min exhibit negative contributions, indicating

their values were consistent with normal operation for this specific event. All failure’s

contributing feature rules are summarized in Table 4.15.

Figure 4.20: LIME explanation for severe failure on 2025-01-13 detected by
wae-gan-punit10-4 in PUnit 10.
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Table 4.15: LIME Rules for Severe Failure on 2025-01-13 in PUnit 10

Feature Rule (Condition)
Box107_EffX_Avg −0.61 < Box107_EffX_Avg ≤ −0.03
Box106_OutY_Min −0.65 < Box106_OutY_Min ≤ −0.02
Box104_EffX_Avg Box104_EffX_Avg > 0.66
Box108_OutY_Min Box108_OutY_Min ≤ −0.70

4.3.3 PUnit 12

This section details the LIME explanations for severe failures detected by the optimal

wae-gan-punit12-4 model in PUnit 12.

Failure on 2025-01-14 Fig. 4.21 prominently highlights that this instance is primarily ex-

plained by positive contributions from LI_Position, Box108_OutY_Avg, Box105_OutY_Min,

and Box108_EffX_Avg. These features indicate specific positional, output, and efficiency

anomalies. Oppositely, features like Box104_EffX_Max and Box105_EffX_Avg show neg-

ative contributions, indicating their values were aligned with normal operation for this spe-

cific failure. The detailed feature rules that contributed to this failure are summarized in

Table 4.16.

Figure 4.21: LIME explanation for severe failure on 2025-01-14 detected by
wae-gan-punit12-4 in PUnit 12.
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Table 4.16: LIME Rules for Severe Failure on 2025-01-14 in PUnit 12

Feature Rule (Condition)
LI_Position LI_Position > 0.58
Box108_OutY_Avg −0.67 < Box108_OutY_Avg ≤ −0.04
Box105_OutY_Min Box105_OutY_Min ≤ −0.62
Box108_EffX_Avg 0.07 < Box108_EffX_Avg ≤ 0.68

4.3.4 PUnit 15

This section details the LIME explanations for severe failures detected by the optimal

wae-gan-punit15-4 model in PUnit 15. These insights are essential for pinpointing spe-

cific operational deviations in this unit.

Failure on 2025-01-08 Fig. 4.22 highlights that the anomaly was primarily influenced by

a high maximum torque on the downstream shaft and elevated Column_Temp, both con-

tributing negatively to normal behavior, suggesting mechanical strain or thermal issues. In

contrast, features like ChamberPressure_2_Min, Box105_EffX_Min, and Preheater_Temp

supported the anomaly score with positive contributions. The features that contributed to

this failure and their conditions are summarized in Table 4.17.

Figure 4.22: LIME explanation for severe failure on 2025-01-08 detected by
wae-gan-punit15-4 in PUnit 15.

Failure on 2025-01-12 As shown in Fig. 4.23, the most significant contributor to this

anomaly was an elevated ChamberPressure_1_Avg. This suggests an abnormal pressure

condition. Positive contributors also included Box108_OutY_Avg and multiple efficiency
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Table 4.17: LIME explanation for severe failure on 2025-01-08 in PUnit 15

Feature Rule (Condition)
Column_Temp Column_Temp > 0.70
DS_Torque_Min −0.07 < DS_Torque_Min ≤ 0.61
Box104_OutY_Max −0.62 < Box104_OutY_Max ≤ 0.01
CS_Torque_Avg CS_Torque_Avg > 0.67
SS_Torque_Min −0.67 < SS_Torque_Min ≤ −0.04
LI_Torque_Avg LI_Torque_Avg > 0.63

indicators, pointing to other affected operational aspects. The features that contributed to

this are summarized in Table 4.18.

Figure 4.23: LIME explanation for severe failure on 2025-01-12 detected by
wae-gan-punit15-4 in PUnit 15.

Table 4.18: LIME explanation for severe failure on 2025-01-12 in PUnit 15

Feature Rule (Condition)
Box108_EffX_Avg Box108_EffX_Avg > 0.63
CS_Torque_Min CS_Torque_Min ≤ −0.64
CS_Torque_Max −0.66 < CS_Torque_Max ≤ −0.02
Detector_Temp 0.05 < Detector_Temp ≤ 0.67
ChamberPressure_2_Min −0.05 < ChamberPressure_2_Min ≤ 0.64

4.4. Overall Analysis

The experimental study detailed in this chapter successfully demonstrated the efficacy

of the failure prediction system coupled with an explainability mechanism for proactive

maintenance in complex industrial systems like the NDTech 2.0. The comprehensive
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evaluation of both LSTM-AE and WAE-GAN models clearly established the superior per-

formance of the WAE-GAN architecture in detecting critical component failures, charac-

terized by its robust F1-scores and consistent lead times. The adversarial training and

inherent latent space regularization of the WAE-GAN proved instrumental in distinguish-

ing subtle anomalies from normal operational variations.

Crucially, the integration of the LIME framework transforms mere AD into actionable intel-

ligence. By providing local, interpretable explanations for detected failures, LIME bridges

the gap between complex model outputs and practical maintenance needs. The ability to

identify specific sensor conditions and feature value ranges that contribute most signifi-

cantly to an anomaly empowers maintenance personnel to rapidly diagnose root causes,

prioritize interventions, and execute targeted repairs. This moves beyond a reactive main-

tenance paradigm, enabling truly predictive and preventive actions.

The consistent lead times for failure prediction (ranging from 30 to 70 minutes) across dif-

ferent PUnits further underscore the practical utility of this system. Such early warnings

provide a critical window for intervention, significantly reducing the risk of catastrophic

failures, minimizing downtime, and optimizing operational efficiency. This dual-layered

approach—robust failure prediction complemented by clear, actionable explanations—

represents a significant step towards a more intelligent and proactive maintenance strat-

egy for the NDTech 2.0 system.
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5. Conclusion
This thesis successfully delivered a sophisticated PdM system, augmented with robust

XAI capabilities, specifically engineered for the intricate NDTech 2.0 cork quality control

system. The foundational objectives - to move beyond traditional reactive maintenance

by enabling early failure prediction and providing actionable insights into their root causes,

have been comprehensively achieved. The outcome is a resilient PdM system delivering

both precise failure anticipation and meaningful, interpretable explanations.

5.1. Contributions

A central innovation of this research lies in the development and validation of a novel two-

layered architecture: a Failure Prediction Layer and an Explanation Layer. This modular

and synergistic design proved exceptionally effective, culminating in a cohesive and pow-

erful diagnostic system. Within the Failure Prediction Layer, an extensive exploration and

implementation of DL-based autoencoders, specifically LSTM-AE and WAE-GAN mod-

els, were undertaken. Our findings definitively established the superior performance of

the WAE-GAN architecture in detecting complex failure patterns, driven by its inherent

architectural stability and efficient training methodology, making it particularly well-suited

for the dynamic characteristics of NDTech 2.0 data.

A key practical contribution is the system’s remarkable predictive capability: the optimized

models consistently anticipate genuine failures within a critical lead time ranging from 30

to 70minutes before their actual occurrence across various PUnits. This early warning ca-

pacity is paramount for enabling proactive interventions, thereby significantly minimizing

downtime, mitigating potential operational disruptions, and enhancing safety in a critical

industrial environment.

Furthermore, the integration of the Explanation Layer represents a significant advance.

The insights derived from the LIME framework, presented as interpretable rules or condi-

tions for each detected pre-failure event, provide unprecedented transparency. These de-

tailed explanations empower maintenance teams with critical information, enabling them

to precisely understand the specific sensor behaviors that contribute to an impending is-

sue. This transparency is fundamental not only for guiding highly targeted maintenance

tasks and optimizing resource allocation but also for fostering trust and adoption of auto-

mated predictive systems.
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5.2. Limitations and Future Work

While this study marks substantial progress, it also naturally uncovers avenues for future

research. Exploring alternative and emerging DL architectures, such as Transformers

and GNNs, holds considerable promise for further enhancing prediction accuracy and ef-

ficiency, particularly given their strengths in handling complex sequential and relational

data. Additionally, despite the promising results from the XAI component, the effective-

ness of DL models remains intrinsically linked to the availability of extensive labeled data.

Future work in the XAI domain should continue to explore methodologies that can pro-

vide even more comprehensive and robust explanations, especially as the complexity of

the underlying detection models potentially increases. Addressing challenges related to

data scarcity and developing techniques resilient to limited ground truth information will

be paramount for advancing this critical field.

In summary, this thesis represents a transformative step towards optimizing control pro-

cedures and dramatically enhancing operational efficiency within the NDTech 2.0 system.

By successfully combining cutting-edge PdM with interpretable XAI, we have developed

a system poised to revolutionize current maintenance practices, enabling more proactive,

data-driven, informed, and ultimately, more effective interventions. The profound insights

gleaned from operational data, coupled with the system’s powerful predictive and explana-

tory capabilities, underscore the immense value of leveraging advanced analytical tools

for strategic decision-making in demanding industrial environments.
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A. Model Concepts and Configuration Details
A.1. Conceptual Architectures for the Autoencoders Models

AEs are neural networks architected to learn compact, low-dimensional latent represen-

tations of input data. Their core mechanism involves an encoder that maps input X to a

latent vector z, and a decoder that reconstructs the original input X̂ from z. Anomalies are

identified by quantifying the discrepancy between the original input and its reconstruction,

typically measured by a high reconstruction error. We specifically focus on two advanced

AE variants:

LSTM-AE It leverages the power of LSTM networks, which are exceptionally adept

at capturing long-term temporal dependencies and patterns within sequential data. This

makes them highly suitable for time-series AD in industrial contexts where system states

evolve over time.

LSTM-AEs leverage the temporal modeling strength of LSTMs to encode and reconstruct

time-series data, capturing long-term dependencies critical for AD. Fig. A.1 presents an

illustration of the structure and the operational principle of a typical LSTM module. Unlike

traditional RNNs, LSTMs incorporate a memory cell along with three key gates (input,

forget, and output gates) that regulate the flow of information. These gates use activation

functions (typically sigmoid and tanh) to determine what information should be retained,

updated, or discarded at each time step. This gating mechanism allows LSTMs to ef-

fectively capture and retain relevant patterns, even across long sequences, making them

particularly useful in tasks that depend on temporal dynamics such as prediction, classi-

fication, and AD.

This capacity to learn temporal dependencies while managing long-term information flow

makes LSTMs an excellent backbone for autoencoder architectures aimed at modeling

normal system behavior in time-series data.

As depicted conceptually in Fig. A.2 (inspired by typical LSTM-AE architectures), the

LSTM-AE comprises:

• Encoder: An LSTM-based encoder processes the input time-series sequence X =

(x1, x2, . . . , xT). Each xt represents the feature vector at time t. The encoder maps
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Figure A.1: A module of LSTM network [81].

this sequence into a compressed, fixed-dimensional latent representation z. This

latent vector aims to encapsulate the essential characteristics of the normal temporal

pattern.

• Decoder: An LSTM-based decoder takes the latent vector z as input and attempts

to reconstruct the original time-series sequence X̂ = (x̂1, x̂2, . . . , x̂T).

The model is exclusively trained on data corresponding to the normal operation of each

PUnit. The anomaly score for a given input sequence is calculated as the MSE between

the input X and its reconstruction X̂:

MSE =
1

T · D

T

∑
t=1

D

∑
d=1

(xt,d − x̂t,d)
2

where T is the sequence length and D is the number of features. A higher MSE signifies a

greater deviation from the learned normal patterns, hence indicating a potential anomaly.

WAE-GAN It integrates concepts fromWasserstein Autoencoders (WAE) and GANs to

achieve a more robust and flexible AD capability. The WAE aims to match the aggregated

posterior of the encoder with a prior distribution (e.g., Gaussian) in the latent space using

the Wasserstein distance, leading to a more structured and disentangled latent repre-

sentation compared to traditional AEs. The GAN component, specifically a discriminator,

further enhances the quality of the generated samples by pushing the decoder to produce

reconstructions that are indistinguishable from real data.

The architecture of aWAE-GAN for time-series data typically involves (as seen in Fig. A.3,

inspired by [64]):
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Figure A.2: Conceptual architecture of a LSTM-AE for time-series AD. The encoder
maps an input sequence to a latent representation, which the decoder uses to

reconstruct the sequence [82].

• Encoder (E): Maps input data X to a latent representation z.

• Decoder (G): Acts as a generator, taking a latent code z (sampled from the prior or

from the encoder’s output) and attempting to reconstruct the input X̂.

• Discriminator (D): Distinguishes between real data X and reconstructed/gener-

ated data X̂.

The training objective involves minimizing the reconstruction error (like in standard AEs)

while simultaneously optimizing a GAN objective to ensure that the latent space is well-

behaved and that the decoder can generate high-quality reconstructions. The anomaly

score can be derived from the reconstruction error, potentially augmented by the discrim-

inator’s output, as anomalous inputs are expected to yield poor reconstructions and/or be

easily identified as ”fake” by the discriminator.

Integration of TCN in WAE-GAN For handling sequential data effectively within the

WAE-GAN framework, we will incorporate TCNs as the backbone for both the encoder

and decoder components. TCNs, as described in works like [66], utilize dilated causal

convolutions, allowing them to capture long-range dependencies efficiently with a fixed

receptive field while maintaining causality (i.e., output at time t only depends on inputs at

time t and before). This makes TCNs highly suitable for time-series data as they offer:

• Causality: Ensures that predictions at time t do not use any future information.
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• Variable Receptive Field: Through dilated convolutions, they can effectively cover

long sequences without using recurrent connections, reducing vanishing/exploding

gradient problems.

• Parameter Sharing: Convolutional filters are shared across time steps, leading to

more efficient learning.

By using TCNs within the encoder and decoder of the WAE-GAN, we aim to enhance the

model’s ability to learn temporal patterns and reconstruct time-series datamore accurately

for AD.

Figure A.3: Conceptual architecture of a WAE-GAN for AD, with TCN as encoder and
decoder backbones. The encoder maps input to latent space, the decoder reconstructs,

and the discriminator distinguishes real from reconstructed data [64].

For each of the four PUnits, dedicated instances of the LSTM-AE and WAE-GAN models

will be independently trained on their respective normal operational data. This modular

approach ensures that each PUnit’s unique operational signature is accurately learned,

leading to highly granular and precise AD. The output from this Failure Prediction Layer

for each PUnit is a continuous anomaly score stream. When this score surpasses a pre-

calibrated threshold, an alarm is activated for that specific PUnit, and the corresponding

input features X and the anomaly score are passed to the Explanation Layer for further

diagnostic analysis.

A.2. LIME: Local Interpretable Model-Agnostic Explanations

LIME [55], constitutes a methodology for interpreting predictions made by black-box ML

models. Its main objective is to develop localized surrogate models, which are inter-

pretable models trained to approximate the predictions of the underlying black-box model
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for individual instances. Unlike global surrogate models, LIME focuses on explaining sin-

gle predictions rather than providing a holistic model interpretation.

How LIME Works The fundamental concept of LIME revolves around understanding

the logic behind a specific prediction by analyzing variations in the input data. This is

achieved by generating a new dataset of perturbed samples and obtaining their corre-

sponding predictions from the black-box model. Subsequently, local surrogate models,

such as linear regression or Decision Tree (DT)s, are trained on this new dataset. The

interpretability of the model is optimized locally, ensuring it accurately approximates the

black-box model’s predictions for a specific instance. Mathematically, LIME formulates

this as an optimization task, balancing a loss function (measuring proximity to the original

prediction) with model complexity.

To train the local surrogate model, LIME perturbs the dataset around the instance of in-

terest and generates black-box model predictions for these perturbations. These new

predictions are then assigned weights based on their proximity to the instance of inter-

est. A weighted, interpretable model is then trained on this perturbed dataset, providing

a localized approximation of the black-box model’s predictions. LIME offers flexibility in

choosing interpretable surrogate models (e.g., linear regression, DTs) and allows users

to manage model complexity, such as by defining the maximum number of features. Sim-

plicity is often prioritized for interpretability. The process involves selecting the number of

features (K) and employing techniques like Lasso or forward/backward feature selection.

Data perturbation generation depends on the data type: for tabular data, new samples are

created by perturbing each feature individually, with perturbations drawn from a normal

distribution based on the feature’s mean and standard deviation. LIME thus provides a

systematic approach to interpreting black-box predictions through localized approxima-

tions using interpretable surrogate models. As described in [83], LIME can improve inter-

pretability and foster a deeper understanding of decision-making processes in complex

ML models by focusing on individual instances.

Advantages of LIME LIME boasts several advantages. It is highly adaptable, support-

ing tabular, text, and image data, making it widely applicable across domains, for example,

by identifying key contributing words in text or highlighting important image regions. Being

model-agnostic, LIME can be applied to any ML model (e.g., DTs, ANNs, SVM), providing

crucial versatility for practitioners who need to explain diverse models. Users also benefit



FCUP 78
Failure Prediction and Explanation: A Case Study in Cork Industry

from the flexibility to choose interpretable surrogate models. Furthermore, LIME produces

human-friendly explanations that are often succinct and contrastive, making it suitable for

audiences with limited time or technical expertise. The fidelity measure provides valuable

insight into the reliability of the interpretable model’s approximation within the instance’s

neighborhood. Additionally, explanations can incorporate other interpretable features not

used in the original model’s training, provided they are derived from the data instances

themselves.

Limitations of LIME On the other hand, LIME presents certain disadvantages. A sig-

nificant challenge with tabular data is the precise characterization of the neighborhood,

which in [57] it’s identified as its most substantial obstacle. This necessitates careful

experimentation with diverse kernel configurations and a subjective assessment of ex-

planation intelligibility for each application. While local explanations are valuable, they

may fail to capture the overall model behavior, particularly with complex or highly non-

linear decision boundaries. The explanation model’s complexity must be predetermined,

requiring the user to balance fidelity and sparsity optimally. A more critical issue is the

instability of explanations, as closely situated points can yield considerably disparate ex-

planations. LIME struggles to define a meaningful neighborhood for rare events, making it

less reliable for outlier detection or highly imbalanced data distributions. Moreover, LIME

is susceptible to manipulation to overcome biases, potentially diminishing trust in its ex-

planations. It is also not adequate for complete attributions, making it less suitable for

compliance scenarios where full prediction explanations might be legally required or for

debugging where all reasons are preferred.

A.3. Models Hyperparameter Tuning

The architectural parameters, including hidden dimension, dropout, LSTM layers, and la-

tent vector dimension, were subjected to rigorous tuning for each specific PUnit (3, 10, 12,

15) to ensure optimal performance and effective generalization, while number of features

remained constant at 56 and number of embeddings at 8 across all models. Table A.1

provides a detailed breakdown of the LSTM-AE model hyperparameters for each PUnit.

The selection of hidden dimension was primarily driven by empirical testing and estab-

lished heuristics concerning dataset scale, aiming to balance model capacity with the vol-

ume of available data. The latent space dimension (either 14 or 19) was strategically cho-

sen to effectively encapsulate the salient characteristics of distinct feature groups within
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Table A.1: LSTM-AE Hyperparameters for each PUnit

Punit 3
Model ID Hidden Dim. Dropout LSTM Layers Latent Dim.
lstm-ae-punit3-1 40 0.10 3 14
lstm-ae-punit3-2 56 0.15 3 14
lstm-ae-punit3-3 56 0.10 2 14

Punit 10
Model ID Hidden Dim. Dropout LSTM Layers Latent Dim.
lstm-ae-punit10-1 40 0.15 3 14
lstm-ae-punit10-2 56 0.20 3 14
lstm-ae-punit10-3 32 0.15 2 14

Punit 12
Model ID Hidden Dim. Dropout LSTM Layers Latent Dim.
lstm-ae-punit12-1 40 0.15 3 14
lstm-ae-punit12-2 56 0.20 2 14
lstm-ae-punit12-3 64 0.20 3 19

Punit 15
Model ID Hidden Dim. Dropout LSTM Layers Latent Dim.
lstm-ae-punit15-1 56 0.10 2 14
lstm-ae-punit15-2 56 0.20 3 14
lstm-ae-punit15-3 64 0.20 3 19

the 56 continuous variables, such as LI_Torque, Box104, and ChamberPressure read-

ings, with the optimal value determined through iterative empirical evaluation for each

PUnit. Furthermore, the LSTM layers and dropout parameters were iteratively adjusted;

notably, higher dropout rates were often paired with an increased number of LSTM layers

to proficiently mitigate the risk of overfitting, especially given the considerable size of the

dataset.

Table A.2 summarizes the Encoder/Decoder-specific hyperparameters used for each PUnit’s

WAE-GAN model. The discriminator hyperparameters are identical across models—

matching the latent space dimension—with a fixed dropout rate of 0.4, while the En-

coder/Decoder dropout rate are fixed at 0.2. As these values are consistent, they are

omitted from the table.



FCUP 80
Failure Prediction and Explanation: A Case Study in Cork Industry

Table A.2: WAE-GAN Hyperparameters for each PUnit

Punit 3
Model ID Hidden Dim. TCNs Layers Latent Dim. Kernel size
wae-gan-punit3-1 32 4 19 4
wae-gan-punit3-2 56 3 14 4
wae-gan-punit3-3 40 5 14 3
wae-gan-punit3-4 32 5 19 3

Punit 10
Model ID Hidden Dim. TCNs Layers Latent Dim. Kernel size
wae-gan-punit10-1 56 3 19 4
wae-gan-punit10-2 56 4 14 4
wae-gan-punit10-3 40 5 14 3
wae-gan-punit10-4 56 5 19 3

Punit 12
Model ID Hidden Dim. TCNs Layers Latent Dim. Kernel size
wae-gan-punit12-1 32 4 19 4
wae-gan-punit12-2 56 4 14 4
wae-gan-punit12-3 40 5 14 3
wae-gan-punit12-4 32 5 19 3

Punit 15
Model ID Hidden Dim. TCNs Layers Latent Dim. Kernel size
wae-gan-punit15-1 32 4 19 4
wae-gan-punit15-2 56 4 14 4
wae-gan-punit15-3 32 5 14 3
wae-gan-punit15-4 32 5 19 3
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B. Detailed Model Architectures and Training
B.1. LSTM-AE

This section provides the comprehensive architectural details and training process for the

LSTM-AE models implemented in this study.

Model Architecture Details

The model’s input comprises two distinct data streams, continuous features and cham-

bers, processed collaboratively to form a comprehensive input representation. As illus-

trated in Table 3.1, the continuous features, encompassing a diverse array of operational

parameters from the NDTech 2.0 modules, such as torque, position, and various temper-

ature metrics; chambers, on the other hand, provides categorical identifiers for 8 unique

chambers within the system. To seamlessly integrate these discrete categorical variables

into the continuous neural network computations, an embedding layer is employed. This

layer transforms each chamber into a dense vector, with the chamber embedding dimen-

sion set to 3, a dimension derived from squared root of the number of chambers, and the

number of embeddings is 8 which is the number of chambers. The continuous features

are then concatenated with their corresponding learned chamber embeddings along the

feature dimension, producing a unified input vector for the subsequent recurrent layers.

Encoder The encoder component is constructed as a multi-layered LSTM network. Its

primary function is to process the concatenated input sequences and distill them into

a compact, fixed-dimensional latent representation. The nn.LSTM* layers within the en-

coder are configured with batch_first set to True, ensuring input and output tensors are

shaped as (batch, sequence_length, features). The input size of the LSTM is defined

by the sum of the number of continuous features, which is 56, and the (as said before)

chamber embedding dimension (3), totaling 59. The hidden size of the encoder’s LSTM,

which directly dictates the dimensionality of the learned latent space. The network’s depth

is controlled by LSTM layers, and a dropout rate is applied to mitigate overfitting during

training. The final latent representation (latent vector) is obtained by taking the mean of

the hidden states across all LSTM layers, thereby aggregating temporal information into

a single, representative vector for each input sequence.

*https://docs.pytorch.org/docs/stable/generated/torch.nn.LSTM.html
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Decoder The decoder component is designed to reconstruct the original input sequence

from the latent vector generated by the encoder. Distinctively, the decoder’s LSTM layers

are configured as bidirectional, enabling the model to capture dependencies from both

past and future contexts within the sequence, which typically leads to superior recon-

struction quality. The input size of the decoder’s LSTM is the latent vector dimension.

This latent vector is first replicated to match the original sequence length before being

fed as input to the decoder’s LSTM. The hidden size of the decoder’s LSTM is speci-

fied by hidden dimension. Subsequent to the bidirectional LSTM layers, a linear output

layer (nn.Linear*) maps the concatenated forward and backward hidden states (result-

ing in twice hidden dimension features) to the reconstructed output. This output layer is

meticulously designed to reconstruct both the continuous features and the chamber em-

beddings. The reconstructed continuous part aligns directly with the original number of

features dimensionality. The reconstructed chambers, initially in chamber embedding di-

mension, are then passed through a dedicated linear layer to predict the original number

embeddings (chamber categories), followed by a permutation operation to correctly align

dimensions for the cross-entropy loss computation.

Training Process

The training of the LSTM-AE models was executed through a meticulous and robust pro-

cess designed to imbue the models with strong failure detection capabilities. Each PUnit’s

dataset underwent a stratified division into training and validation sets, with an 85% / 15%

split respectively, and shuffling was applied to ensure the stochasticity and representative-

ness of each subset. Data iteration during training and evaluation was efficiently managed

by DataLoader† instances, employing a batch size of 32.

The fundamental training objective for the LSTM-AE is to minimize the discrepancy be-

tween the original input sequences and their reconstructed counterparts. This objective

is achieved through the minimization of a sophisticated hybrid loss function, designed to

account for both continuous and categorical features:

• MSE: This loss component is applied to the continuous features, quantifying the

squared difference between the reconstructed input and the continuous features.

It is calculated per sample, and then averaged across the sequence length and

*https://docs.pytorch.org/docs/stable/generated/torch.nn.Linear.html
†https://docs.pytorch.org/docs/stable/data.html#torch.utils.data.DataLoader
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feature dimensions, thereby imposing a penalty on inaccuracies in the numerical

sensor reading reconstructions.

• Cross-Entropy Loss: This component addresses the categorical chamber fea-

tures, comparing the transformed reconstructed chambers (predicted categorical

probabilities) against the true chambers labels. This loss effectively quantifies the

divergence between the model’s categorical predictions and the ground truth.

The total loss for each training sample is computed as the sum of these MSE and Cross-

Entropy components, which is then averaged across the entire batch to derive the final

loss value for optimization.

Model optimization was conducted using the Adam optimizer*, initialized with a learning

rate of 1e−3. To enhance training stability and foster superior performance, an adaptive

learning rate scheduler, ReduceLROnPlateau†, was integrated into the training regimen.

This scheduler dynamically monitors the validation loss and adjusts the learning rate by a

factor, if no significant improvement in loss is observed over a patience window of epochs.

Aminimum learning rate of 1e−4 prevents the learning rate from decaying excessively, and

a threshold of 0.03 defines the minimum improvement required to consider a validation

loss reduction significant. Furthermore, to mitigate the common challenge of exploding

gradients in recurrent neural networks, gradient clipping (nn.utils.clip_grad_norm_‡) was

consistently applied during the backpropagation phase.

Each LSTM-AEmodel was trained for a total of 100—150 epochs. Within each epoch, the

model iteratively processed batches from the training data loader, computed the combined

loss, performed backpropagation to calculate gradients, and updated its internal weights

via the optimizer. Both training and validation losses were meticulously logged after each

epoch, enabling real-time observation of the model’s convergence trajectory and prompt

identification of potential overfitting. The learning rate was dynamically adjusted by the

scheduler based on the training loss performance.

Upon the completion of the training phase, the AD threshold for each PUnit’s LSTM-AE

model was rigorously determined based on the statistical distribution of reconstruction er-

rors computed for all normal data samples within the training dataset. As elaborated in

Section 3.4.4.2, a well-known thresholding method was adopted to distinguish between

*https://docs.pytorch.org/docs/stable/generated/torch.optim.Adam.html
†https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.ReduceLROnPlateau.html
‡https://docs.pytorch.org/docs/stable/generated/torch.nn.utils.clip_grad_norm_.html
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normal and anomalous observations. After training, it was calculated the reconstruction

losses across the training dataset, enabling the precise computation of Q1 and Q3. Any

new incoming data point from the NDTech 2.0 system yielding a RE exceeding this empiri-

cally determined threshold is subsequently classified as an anomaly, providing a dynamic

and statistically grounded mechanism for identifying deviations from normal operational

behavior.

B.2. WAE-GAN

This section provides the comprehensive architectural details and training process for the

WAE-GAN models, including the specifics of the TCN blocks.

Model Architecture Details

This model’s input has the same initial assumptions as described in B.1

Temporal Block The Temporal Block serves as the fundamental building unit for both

the TCN-based Encoder and Decoder. Each block meticulously processes sequential

data through two convolutional layers (nn.Conv1d*, where weight normalization is ap-

plied to the convolutional weights for enhanced training stability (weight_norm†). These

are sequentially followed by batch normalization (nn.BatchNorm1d‡), a Rectified Linear

Unit (ReLU) activation function (nn.ReLU§), and a dropout layer (nn.Dropout¶). A critical

aspect is the dilation parameter, which exponentially increases with layer depth, enabling

the receptive field of the network to expand rapidly without a proportional increase in pa-

rameters, thereby efficiently capturing long-range dependencies across the time series.

Padding is precisely calculated to maintain the sequence length throughout the convolu-

tional operations. A residual connection is integrated, wherein the block’s input is added

to its output before the final activation, a mechanism vital for training deeper networks by

mitigating vanishing gradients. A downsample 1x1 convolution is conditionally applied to

the residual path if input and output channel dimensions differ, ensuring compatibility for

the element-wise summation.

*https://docs.pytorch.org/docs/stable/generated/torch.nn.Conv1d.html
†https://docs.pytorch.org/docs/stable/generated/torch.nn.utils.weight_norm.html
‡https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm1d.html
§https://docs.pytorch.org/docs/stable/generated/torch.nn.ReLU.html
¶https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html
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Encoder The Encoder functions as the generative component within the AE framework,

responsible for mapping the high-dimensional input data into a lower-dimensional latent

space representation. The input streams comprise the continuous features (56 dimen-

sions) and chambers (8 categorical identifiers). An Embedding layer transforms the dis-

crete chambers into continuous chamber embedding dimension (3-dimensional) vectors.

These embeddings are then concatenated with the continuous features, forming a unified

input tensor of 59 dimensions. This combined input sequence is then transposed (per-

mute) to align with the (batch size, channels, sequence length) format required by the

1D convolution layers within the TCN blocks. A series of Temporal Blocks (TCN layers)

processes this permuted input. The design parameters, including number of layers and

kernel size, were empirically chosen such that the TCN’s receptive field is sufficiently large

to encompass the known 8-timestep cycle inherent in the chamber data. A final Linear

layer projects the aggregated TCN output to the latent space dimension.

Decoder The Decoder is tasked with reconstructing the original input sequence from

the latent space vector produced by the Encoder. It receives the latent space and applies

similar Temporal Block structures to expand this compressed representation back to the

original sequence length and feature dimensions. The latent space vector is first per-

muted to the TCN’s expected input format. The output of the TCN layers is then passed

through an Linear layer to yield a combined reconstruction of stride (56 continuous fea-

tures) and chamber embedding dimension (3 for chamber embeddings). The continuous

features (reconstructed continuous) are directly extracted. For the chamber features, the

embedded reconstruction is fed into another dedicated Linear layer to predict the number

of embeddings (8) categorical probabilities, which are then permuted to facilitate cross-

entropy loss computation.

Discriminator The LSTM-Discriminator operates within the latent space, designed to

differentiate between latent vectors derived from the Encoder’s output and those sam-

pled from a standard multivariate Gaussian distribution. The discriminator utilizes a multi-

layered LSTM network, processing the latent space vectors. The input dimension of the

discriminator matches the latent space dimension of the Encoder. The hidden layer size

of the LSTM is to capture intricate patterns within the latent vectors, considering the po-

tential temporal dependencies or cyclical patterns within the latent embeddings. The final
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hidden state of the LSTM is passed through an Linear layer followed by a sigmoid activa-

tion, producing a scalar probability indicating whether the input latent vector is perceived

as ”real” or ”fake”.

Training Process

The training of the WAE-GAN models is a sophisticated multi-objective optimization prob-

lem. It involves iteratively training the Discriminator and the combined Encoder-Decoder

(acting as the autoencoder/generator) to achieve a harmonious balance: the autoencoder

aims to minimize RE and align its latent space with a prior distribution, while the Discrim-

inator strives to differentiate between real and generated latent samples.

The training schedule is carefully orchestrated for each epoch, with the Encoder and De-

coder being updated twice for every single update of the Discriminator. This specific ratio

was determined through empirical testing to be optimal. This asymmetric training fre-

quency helps in maintaining a balanced adversarial game, preventing the Discriminator

from becoming overly powerful too quickly and allowing the Encoder and Decoder to suf-

ficiently ”catch up” in their learning capabilities, thus promoting more stable convergence

and avoiding issues like mode collapse.

The training process involves distinct optimization steps for the Discriminator and the

Encoder-Decoder pair, managed by separate Adam optimizers. Crucially, during the train-

ing of one component, the parameters of the other components are frozen—a standard

practice in adversarial training to ensure focused gradient updates.

The Discriminator is trained to maximize its ability to distinguish between latent vectors

produced by the Encoder and those sampled directly from a multivariate normal distri-

bution, which serves as the prior distribution for the WAE-GAN. The loss function for the

Discriminator is defined as:

LD = − 1
N

N

∑
i=1

(
log

(
D(zrandom,i)

)
+ log

(
1 − D(zreal,i)

))

where D(·) is the Discriminator’s output (probability of being real), zrandom are samples

from the prior, and zreal are latent vectors from the Encoder. This formulation, a non-

saturating GAN loss with sigmoid output, aims to maximize the probability of the discrim-

inator correctly identifying both real and random latent samples. The discriminator WAE

regularization term is applied as a weighting factor to this loss, allowing for fine-tuning
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the emphasis on the adversarial component. Gradient clipping with a maximum norm of

1 is applied to the Discriminator’s parameters after backpropagation to prevent explod-

ing gradients, common in deep neural networks and particularly beneficial in adversarial

settings.

The Encoder and Decoder are trained jointly with a multifaceted loss function designed

to serve two primary objectives: minimizing RE and encouraging the Encoder’s latent

space distribution to align with the prior distribution (by ”fooling” the Discriminator). The

combined loss for the Encoder-Decoder is:

LED =
1
N

N

∑
i=1

(
LMSE(x̂i, xi) + LCE(ĉi, ci)−WAE_regularization_term× log(D(zEncoder,i))

)
Here, LMSE is the MSE between the reconstructed input and the original data for con-

tinuous features. LCE is the Cross-Entropy loss for reconstructed chambers against the

true chambers labels. The term log(D(zEncoder) is the Discriminator’s output for the latent

vector generated by the Encoder. By subtracting this term (which the Encoder-Decoder

seeks to maximize), the Encoder is incentivized to produce latent representations that

the Discriminator classifies as ”real”, thereby aligning its distribution with the prior. The

Encoder-Decoder WAE regularization term acts as a weighting factor for this adversarial

component.

A crucial observation during empirical testing was the need to adjust these WAE regu-

larization term values. Specifically, for the Encoder/Decoder lower (e.g., 0.2) and for the

Discriminator higher (e.g., 0.7) proved beneficial. This asymmetric weighting strategy is

vital when the Discriminator becomes overly powerful too early in training. By reducing

the adversarial pressure on the Encoder/Decoder, it allows the autoencoder part to prior-

itize learning effective data reconstruction, which is fundamental for AD, before focusing

heavily on matching the latent space distribution. This helps to prevent issues where the

autoencoder might sacrifice reconstruction quality to satisfy the Discriminator. Gradient

clipping is also applied to the Encoder’s and Decoder’s parameters to manage gradient

stability.

The Adam optimizer is used for all components. The Discriminator’s learning rate is set

to 1e−4, while the Encoder and Decoder share a learning rate of 1e−3. Each model is

trained with 30 epochs. Training and validation losses are monitored.

A dedicated part is used after each epoch (or block of training steps) to assess the model’s
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generalization capabilities on unseen data. During validation, the Encoder and Decoder

are set to evaluation mode and gradient computations are disabled. The validation loss

is computed as the sum of MSE loss for continuous features and Cross-Entropy loss for

chamber features. Monitoring this validation loss is critical to detect overfitting, ensur-

ing that the model learns generalizable patterns from the training data rather than merely

memorizing it. A consistently low validation loss relative to training loss indicates robust

performance, while a significant divergence might signal overfitting, prompting further hy-

perparameter tuning or regularization adjustments.

Regarding the AD threshold is determined based on the statistical distribution of train

REs—the same way as the LSTM-AE model, explained in the last paragraph of B.1.
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C. Supplemental Visualizations
C.1. LSTM-AE Models

The following Figures present additional visualizations for the LSTM-AE models for each

PUnit, including their reconstruction loss curves, reconstruction error distributions, and

confusion matrix.

(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.1: Supplemental Visualizations for lstm-ae-punit3-1 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.2: Supplemental Visualizations for lstm-ae-punit3-2 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.3: Supplemental Visualizations for lstm-ae-punit3-3 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.4: Supplemental Visualizations for lstm-ae-punit10-1 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.5: Supplemental Visualizations for lstm-ae-punit10-2 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.6: Supplemental Visualizations for lstm-ae-punit10-3 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.7: Supplemental Visualizations for lstm-ae-punit12-1 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.8: Supplemental Visualizations for lstm-ae-punit12-2 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.9: Supplemental Visualizations for lstm-ae-punit12-3 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.10: Supplemental Visualizations for lstm-ae-punit15-1 - PUnit 15
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.11: Supplemental Visualizations for lstm-ae-punit15-2 - PUnit 15
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Confusion Matrix

Figure C.12: Supplemental Visualizations for lstm-ae-punit15-3 - PUnit 15
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C.2. WAE-GAN Models

The following Figures present additional visualizations for the WAE-GAN models for each

PUnit, including their reconstruction error distributions, reconstruction loss curves, and

confusion matrices.

(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.13: Supplemental Visualizations for wae-gan-punit3-1 - PUnit 3



FCUP 102
Failure Prediction and Explanation: A Case Study in Cork Industry

(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.14: Supplemental Visualizations for wae-gan-punit3-2 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.15: Supplemental Visualizations for wae-gan-punit3-3 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.16: Supplemental Visualizations for wae-gan-punit3-4 - PUnit 3
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.17: Supplemental Visualizations for wae-gan-punit10-1 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.18: Supplemental Visualizations for wae-gan-punit10-2 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.19: Supplemental Visualizations for wae-gan-punit10-3 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.20: Supplemental Visualizations for wae-gan-punit10-4 - PUnit 10
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.21: Supplemental Visualizations for wae-gan-punit12-1 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.22: Supplemental Visualizations for wae-gan-punit12-2 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.23: Supplemental Visualizations for wae-gan-punit12-3 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.24: Supplemental Visualizations for wae-gan-punit12-4 - PUnit 12
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.25: Supplemental Visualizations for wae-gan-punit15-1 - PUnit 15
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.26: Supplemental Visualizations for wae-gan-punit15-2 - PUnit 15
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.27: Supplemental Visualizations for wae-gan-punit15-3 - PUnit 15
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(a) Reconstruction Train Errors Distribution

(b) Reconstruction Test Errors Distribution

(c) Reconstruction Loss (d) Discriminator Loss

(e) Confusion Matrix

Figure C.28: Supplemental Visualizations for wae-gan-punit15-4 - PUnit 15
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C.3. WAE-GAN Latent Space for Optimal Models

The next Figures presents the latent space visualizations for the optimal WAE-GANmodel

identified for each PUnit (3, 10, 12, and 15), demonstrating the enforcement of a Gaussian

distribution and the separation of normal and anomalous data.

(a) PCA Latent Space (b) t-SNE Latent Space

(c) Histograms of Latent Dimensions

Figure C.29: Latent Space Visualizations for Optimal WAE-GAN Model
(wae-gan-punit3-3) - PUnit 3
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(a) PCA Latent Space (b) t-SNE Latent Space

(c) Histograms of Latent Dimensions

Figure C.30: Latent Space Visualizations for Optimal WAE-GAN Model
(wae-gan-punit10-4) - PUnit 10
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(a) PCA Latent Space (b) t-SNE Latent Space

(c) Histograms of Latent Dimensions

Figure C.31: Latent Space Visualizations for Optimal WAE-GAN Model
(wae-gan-punit12-4) - PUnit 12
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(a) PCA Latent Space (b) t-SNE Latent Space

(c) Histograms of Latent Dimensions

Figure C.32: Latent Space Visualizations for Optimal WAE-GAN Model
(wae-gan-punit15-4) - PUnit 15
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C.4. LIME Explanations

The next Figures present the LIME explanations for non-severe failures for each best

model of each PUnit, showing the features that contributed positively and negatively to

the failure detection, and this is very important to retrieve insights to the maintenance

process.

(a) Failure on 2025-01-13 (b) Failure on 2025-01-15

(c) Failure on 2025-01-19

Figure C.33: LIME explanations for non-severe failures for model wae-gan-punit3-3 -
PUnit 3

(a) Failure on 2025-01-08 (b) Failure on 2025-01-18

Figure C.34: LIME explanations for non-severe failures for model wae-gan-punit10-4
- PUnit 10
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(a) Failure on 2025-01-07 (b) Failure on 2025-01-18

(c) Failure on 2025-01-19

Figure C.35: LIME explanations for non-severe failures for model wae-gan-punit12-4
- PUnit 12

(a) Failure on 2025-01-07 (b) Failure on 2025-01-10

(c) Failure on 2025-01-18

Figure C.36: LIME explanations for non-severe failures for model wae-gan-punit15-4
- PUnit 15
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