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 a b s t r a c t

One of the key aspects of Industry 4.0 is using intelligent systems to optimize manufacturing processes by im-
proving productivity and reducing costs. These systems have greatly impacted in different areas, such as demand 
prediction and quality assessment. However, the prognostics and health management of industrial equipment is 
one of the areas with greater potential. This paper presents a comparative analysis of deep learning architectures 
applied to the prediction of the remaining useful life (RUL) on public real industrial datasets. The analysis in-
cludes some of the most commonly employed recurrent neural network variations and a novel approach based on 
a hybrid architecture using transformers. Moreover, we apply explainability techniques to provide comprehensive 
insights into the model’s decision-making process. The contributions of the work are: (1) a novel transformer-
based architecture for RUL prediction that outperforms traditional recurrent neural networks; (2) a detailed 
description of the design strategies used to construct the models on two under-explored datasets; (3) the use of 
explainability techniques to understand the feature importance and to explain the model’s prediction and (4) 
making models built for reproducibility available to other researchers.

1.  Introducion

Industry 4.0, characterised by the integration of cyber physical sys-
tems, the Internet of Things (IoT) and advanced analytics are revolu-
tionising the way industries operate by enabling smarter, data-driven 
decision-making processes. A key component of this industrial transfor-
mation is predictive maintenance (known by the acronym PdM), which 
uses real-time data and sophisticated algorithms to predict equipment 
failures before they occur, thus minimising downtime and maintenance 
costs [1,2]. Central to predictive maintenance is the RUL estimation, 
which forecasts how long an asset can continue to function effectively 
before maintenance or replacement is required. By accurately estimating 
RUL [3], industries can optimise their maintenance schedules, enhance 
operational efficiency, and ensure the reliability and safety of critical as-
sets. This not only maximises the potential of Industry 4.0, but also paves 
the way for Industry 5.0, which emphasises human-machine collabora-
tion and personalisation in manufacturing, where humans and machines 
work together to achieve more personalised and sustainable production 
[4].
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In the last years, data fusion and machine learning have been increas-
ingly utilised for industrial prognosis to improve the accuracy of pre-
dicting the remaining useful life of equipment [5]. Data fusion involves 
integrating information from various sources, such as sensors and histor-
ical data, to understand a system’s condition comprehensively. Machine 
learning models, particularly deep learning techniques like Long Short-
Term Memory (LSTM) networks, recurrent neural networks (RNN), or 
gated recurrent unit (GRU) neural networks, are then applied to this 
fused data to identify complex patterns and trends that indicate im-
pending failures [6,7]. Although still scarce, there is some evidence that 
transformer-based networks outperform recurrent networks in RUL pre-
diction tasks, in particular, due to their ability to model long-term de-
pendencies more effectively [8]. Even more, recent research has shown 
that hybrid deep learning architectures-combining different types of 
neural network components-can provide enhanced modelling capacity 
for complex temporal tasks such as RUL prediction [9,10]. In particular, 
models that integrate recurrent layers with attention-based mechanisms 
have proven effective in capturing both short- and long-term dependen-
cies in multivariate time series data.
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Building on these insights, this work explores the potential of 
transformer-based hybrid architectures as a promising alternative to tra-
ditional approaches in the context of predictive maintenance that solely 
use recurrent networks. The challenge is not only to build these regres-
sors but also to develop the entire process of data preparation and result 
explainability, while working on real case studies.

Industrial assets are known to operate under dynamically chang-
ing conditions, which makes it difficult to develop models that gen-
eralise well across different contexts [11]. In addition, the scarcity of 
labelled data is a major obstacle: failures are rare events, and it is often 
impractical-or too costly-to run equipment until it fails in order to collect 
representative degradation data [12]. Furthermore, available datasets 
tend to be highly imbalanced, with a large majority of sequences corre-
sponding to normal operation and only a small fraction associated with 
failure progression. This imbalance can bias model training [13] and 
calls for innovative strategies to mitigate its effects.

We work with three datasets: i) the NASA Turbofan Jet Engine [14], 
the very well-known public and simulated dataset for engine degrada-
tion modelling from NASA where the goal is to predict the number 
of flights remaining for the engine after the last datapoint in the test 
dataset; ii) Metro do Porto [15], a real set coming from the Air Produc-
tion Unit (APU), which is heavily used throughout the day, and since 
it lacks redundancy, any failure leads to the immediate removal of the 
train for repairs. Although this dataset is not designed for RUL, we gen-
erated Run-to-Failure data to face with the problem; iii) the third one 
is a recent and real, multivariate time series dataset collected from an 
anonymised engine component (called Component X) of a fleet of trucks 
from SCANIA [16]. This is offered to the research community as a new 
standard reference in predictive maintenance.

Given the importance of ensuring that the constructed model is reli-
able - meaning that the AI is making correct, unbiased decisions based 
on facts - post-hoc explainability techniques will be used [17] in order to 
answer questions such as What variables have the most influence on the 
model’s decision? or What is the reason behind the model’s prediction?.

This paper is organised as follows. The following section briefly in-
troduces the PdM problem and, more specifically, the RUL. Likewise, 
it describes explainability techniques and focuses on their usefulness 
in achieving trustworthiness, transparency, and usability of the results 
achieved. Section 3 describes the methodology followed to address the 
research question raised including the design and justification of the 
proposed architectures. Section 4 details the experimentation conducted 
on each dataset, including the preprocessing steps, the preparation of 
training and validation sets, the model configurations, the definition of 
performance and cost metrics, and the analysis and discussion of the ob-
tained results. Additionally, the models are interpreted using XAI tech-
niques. Then, Section 5 draws the most relevant results of the research 
and points out further research directions.

2.  Background

This section is organised in twofolds. First, we introduce the RUL 
term as a core topic in the predictive maintenance arena and analyse 
literature about deep learning strategies to deal with RUL estimation. 
Next, we overview XAI techniques and their applications in deep learn-
ing architectures.

2.1.  Remaining useful life

Maintenance is crucial for the long-term success of any industrial 
process and plays a critical role that goes well beyond routine repairs 
and upkeep. It is a key factor in determining industrial processes’ op-
erational efficiency and longevity. For asset managers and owners, it is 
essential to understand how maintenance outcomes, such as minimised 
downtimes, extended equipment lifespan, and enhanced safety, affect 

operational inputs like labour, capital, and resources. This insight is vi-
tal, as these maintenance results have a significant impact on achieving 
business goals, including productivity, cost efficiency, and quality as-
surance [18].

Various maintenance strategies are available, including corrective, 
preventive and predictive. Corrective maintenance (CM) involves iden-
tifying problems with machines/systems/tools and correcting them after 
they occur. In contrast, preventive maintenance (PM) aims to maintain, 
replace or repair them before they fail and go out of service to improve 
uptime and productivity. This is done by creating a periodic mainte-
nance plan based on statistical data provided by the manufacturer, such 
as mean time between failures. In contrast, PdM involves utilising data 
analytics, machine learning, and real-time monitoring to forecast equip-
ment failures before they occur. Predictive maintenance enables timely 
interventions and minimises downtime by continuously monitoring key 
parameters and analysing trends [1,2,19].

PdM is enabled by PHM (Prognostics and Health Management) tech-
nologies in response to the indicated deteriorated condition, perfor-
mance or the RUL of a component or system [20]. Although predic-
tive maintenance is often referred to as CBM (Condition-Based Mainte-
nance), predictive maintenance goes further than CBM by also taking 
into account prognostic information [21].

The concept of RUL is a critical aspect of predictive maintenance 
and prognostics, focusing on estimating the time remaining before a sys-
tem or component reaches the end of its useful life [22]. RUL provides 
early warnings of failure, but its estimation is a real challenge because 
the relevance and effectiveness of maintenance actions depend on the 
accuracy and precision of its calculation. To approach its calculation, 
in general, two types of methods are used: physics-based methods and 
data-driven methods [23]. The physics-based approach relies on first-
principles modelling, using domain knowledge and physical laws to de-
rive mathematical equations that describe system degradation. These 
models often involve differential equations, stress-strain analysis, or fa-
tigue modelling [24]. While they can offer high precision, they are typi-
cally complex, costly, and time-consuming to develop. In contrast, data-
driven methods focus on learning degradation patterns directly from his-
torical data using machine learning or statistical modelling [25], which 
despite being less precise and dependent on large datasets, are simpler, 
more applicable, and require less user expertise, providing a balance 
between complexity, cost, precision, and usability in scenarios where 
physical modelling is impractical [26].

In the context of Industry 4.0, RUL prediction has gained prominence 
[27], with a greater amount of literature found from 2019 onwards. 
The methodologies employed for RUL estimation vary widely, such as 
statistical models, machine learning algorithms, and hybrid approaches 
that combine multiple techniques to improve accuracy and reliability 
[6].

In this paper, we use deep learning models because they have 
emerged as a powerful tool for estimating the RUL of industrial assets, 
utilising their ability to model complex relationships in large datasets. 
Various deep learning approaches have been employed to enhance RUL 
prediction accuracy, including Convolutional Neural Networks (CNNs), 
LSTM networks, and Autoencoders. CNNs are often used to extract spa-
tial features from time-series data, making them effective for identi-
fying degradation patterns in sensor signals [28]. LSTM networks can 
capture long-term dependencies, are well-suited for modelling tempo-
ral sequences and predicting future states of machinery [29,30]. Au-
toencoders, particularly when combined with LSTM, help learn com-
pressed degradation data representations, facilitating anomaly detection 
and RUL prediction [31–33].

Hybrid models that integrate different deep learning techniques or 
combine deep learning with traditional machine learning methods, such 
as Support Vector Machines (SVMs), have also shown promise in im-
proving RUL estimation by leveraging the strengths of each approach. 
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Next, we cite some works such as [34] that combined SVM with the 
Forgetting Online Sequential Extreme Learning Machine to improve the 
accuracy of RUL prediction for lithium-ion batteries. Xue et al. [9] used 
a hybrid method integrating Particle Filter (PF) and LSTM networks for 
enhanced RUL prediction, outperforming traditional machine learning 
approaches like Radial Basis Function Networks (RBFN) on the same 
dataset. And, Akkad et al. [10] unioned LSTM and CNN to form a hy-
brid method for RUL prediction of turbofan engines, demonstrating im-
proved performance compared to standalone deep learning models.

Recently, transformer-based models have been tested for RUL predic-
tion, achieving better results. For instance, Zhang et al. [35] proposed 
dual-aspect self-attention based on the transformer (DAST), which is an 
encoder-decoder structure purely based on self-attention without any 
RNN or CNN module that results more effective in processing long data 
sequences and is capable of adaptively learning to focus on more impor-
tant parts of the input. They tested the model on the C-MAPSS (turbofan) 
dataset with good results compared to previous literature work. Later, 
Lai et al. [36] proposed a model that uses a multihead self-attention 
mechanism to learn the interactions between sensor features and the 
weights between sequences. First, it uses a feature self-attention mech-
anism to learn the interactions between features in the model and a 
sequence self-attention mechanism to learn the influence weights of dif-
ferent time steps. Then, an LSTM network is set up to learn the time 
series features. Finally, a multilayer perceptron is used to obtain the 
final RUL estimate. Its results tested on the same dataset are more com-
petitive, and we use them as a baseline in our benchmark.

In this article, we build and test three different configurations of 
hybrid networks using transformers and discuss their behaviour in
Section 4.

2.2.  Explainable artificial intelligence

AI is widely used across numerous advanced applications. However, 
its decision-making processes are often difficult to interpret due to the 
“black-box” nature of many models, such as recurrent and convolutional 
networks, and transformers. This lack of transparency can lead to issues 
with trust, especially when AI is applied in critical areas. As a result, 
XAI has emerged to provide more transparency explaining how these 
models generate their outcomes.

According to Ali et al. [17], explanations should be created by consid-
ering the following four axes: (i) data explainability, (ii) model explain-
ability, (iii) post-hoc explainability, and (iv) assessment of explanations 
to diagnose the training process and to refine the model for robustness 
and trustworthiness.

Data explainability may help in the development of explainable mod-
els and in the comprehension of post-hoc model explanations. It involves 
a set of techniques such as dataset description standardisation, feature 
engineering or exploratory data analysis aimed at better comprehend-
ing datasets used in the training and design of AI models. On the other 
hand, feature importance analysis is a common method for determining 
how model outputs relate to inputs, either showing the entire model’s 
behaviour or a single prediction. This is part of the so-called post-hoc 
techniques.

Post-hoc explainability techniques can be classified into model-
agnostic and model-specific. Methods that can be applied to any model, 
regardless of its architecture, are known as model-agnostic. Examples of 
these include Explanation Vectors (EV) [37], Shapley Additive Explana-
tions (SHAP) [38] and Local Interpretable Model-agnostic Explanations 
(LIME) [39]. Conversely, model-specific methods are tailored to partic-
ular model architectures. For instance, Class Activation Mapping (CAM) 
[40] is one technique that you can use to get visual explanations of the 
predictions of CNNs or Integrated Gradients [41] that aims to explain 
the relationship between the predictions of a model in terms of its fea-

tures. It has many use cases, including understanding the significance 
of features, identifying data biases and debugging model performance.

These explanations generally are simpler models (e.g., rule-based 
learner, decision trees, etc.) used to rebuild the trained system or 
scores about the influence of each input variable in the prediction. 
These algorithms are often divided into global and local interpretability 
techniques, referring to whether the technique explains the model as a 
whole or only the results of a subset of observations or data.

LIME and SHAP are the most effective in identifying important fea-
tures [42]. LIME explains individual predictions by creating a local sur-
rogate model that approximates the behaviour of the black-box model 
around the specific instance of interest. This allows users to gain insights 
into the model’s decision-making process without needing to understand 
the complexities of the original model.

LIME performs the following four steps: i) It generates synthetic data 
around the input data instance, i.e., it takes as a starting point a single 
prediction and the input data that generated it, and produces new input 
data by perturbing this observation, obtaining the corresponding pre-
dictions by the AI model. ii) It trains a simple and explainable model 
with the synthetic data (e.g., linear models, decision trees). iii) It ex-
plains the predictions of the simple model in terms of the original data, 
i.e., the importance of each variable in the prediction is obtained, e.g., 
in terms of its regression coefficients and their corresponding sign. iv) 
LIME calculates the percentage of explainability equivalent to the lin-
ear model’s coefficient of determination (e.g. 𝑅2 ). Therefore, this model 
gives a good approximation of the predictions locally.

SHAP values explain the output of any machine learning model using 
Shapley’s game theory approach [43], i.e., it measures each player’s 
contribution (feature) to the final prediction. This method interprets the 
input variables as players who collaborate to receive the payout. The 
Shapley values correspond to the contribution of each variable to the 
model’s prediction, and the payout is the actual prediction made by the 
model minus the average value of all predictions. The players ‘share’ 
this payout according to their contribution, reflecting the importance of 
each variable. SHAP also allows for global interpretations by obtaining 
the average of the contributions of each variable for each prediction of 
the model.

Briefly, we can say that SHAP provides more theoretically robust and 
consistent explanations, but at the cost of higher computational com-
plexity. On the contrary, LIME offers greater flexibility and simplicity, 
making it a good choice for quick, local explanations, though it may be 
less stable and theoretically grounded than SHAP [44].

According to Bento et al. [45], SHAP, in its general form, is not suit-
able for time series because it does not consider the importance of past 
events and features along the sequence. Therefore, they proposed the 
extension TimeShap that accomplishes these issues by computing fea-
tures, timestep, and cell-level attributions, providing a comprehensive 
understanding of the RNN’s decision-making process. To enhance effi-
ciency and reduce computational cost, TimeSHAP also incorporates a 
pruning method that aggregates less important older events, leading to 
faster computation and improved stability of attributions.

Regarding model-specific techniques, CAM and its variants, such as 
Grad-CAM [46], provide visual explanations by highlighting the regions 
of the input (such as areas in an image) that are significant for predic-
tions in CNNs. This mechanism is particularly useful for tasks involving 
visual data, helping to pinpoint what the model observes as relevant as 
well as identify whether a specific part of an input image "misled" the 
network, resulting in an incorrect prediction.

In our case study, we found that CAM was unsuitable for our pro-
posal as the input data was time series (not matrices) and CNN was not 
the most accurate model. Instead, we tried to use the following model-
agnostic techniques: LIME, SHAP and TimeSHAP.

It is worth pointing out other strategies addressed on novel ag-
nostic techniques as the use of the AMRules algorithm [47] within a 
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neuro-symbolic architecture that combines the prediction process, e.g. 
anomaly detection, with the interpretability of the models using rules 
[48]. Rules are generally more interpretable for humans, and explana-
tions can be extracted at the global or local model level.

In summary, the literature review reveals that despite advances in 
the use of machine learning for industrial forecasting, including RNN, 
there remains a gap in exploring more advanced architectures, such 
as those based on transformers. Similarly, the use of explainability 
techniques in AI models is still limited. Furthermore, most studies are 
conducted on synthetic datasets specifically designed for predicting the 
RUL, allowing efforts to focus primarily on deep learning model con-
struction. In contrast, real-world datasets present significant challenges, 
including complex preprocessing tasks and the need for specific sam-
pling strategies to address the class imbalance characteristic of RUL 
problems and to weight it with the cost function. Therefore, this work 
aims to advance in all these open research challenges.

3.  Methodology

Next, we state the research question that guides the experimenta-
tion conducted in this work: Can transformer-based architectures outper-
form traditional recurrent models for RUL prediction in real-world industrial 
datasets, while preserving interpretability through explainable AI techniques 
to improve trust, transparency, and usability?

This research question is grounded on the following assumptions:
• Hybrid architectures that combine RNNs with other types of neural 
components tend to outperform models based on a single architec-
ture, particularly in tasks involving sequential data, as evidenced in 
recent literature [9,10,34].

• Transformer-based models have demonstrated great potential in 
extracting feature maps from complex data of different domains 
through multi-head self-attention mechanism [8].

• These transformer architectures have been increasingly adopted in 
time series modelling, where they show promising results due to 
their ability to capture long-range dependencies more effectively 
than traditional recurrent models [35,36].

To address this question, we followed the following data-driven 
methodology (see Fig. 1):

1. Literature review: we conduct an extensive review of existing lit-
erature on deep learning models and explainable AI for RUL. This 
provided us with a solid foundation for understanding the current 
state-of-the-art (SoTA) and selecting techniques and previous works 
on a well-known dataset, C-MAPSS [14], which served as a bench-
mark to validate our proposed architectures.

2. Datasets choice: next, we looked for public datasets from the indus-
trial domain with very few experimental results that would allow us 
to address a research challenge while contributing to science. In ad-
dition, we chose a benchmark dataset that allows us to compare our 
hybrid architecture with other SoTA architectures.

3. Data engineering pipeline: afterwards, we carried out data engineer-
ing processes to adapt them to the mining process: normalisation, 
handling missing values, run-to-failure set generation and so on.

4. Data mining process: then, we chose the usual deep learning tech-
nique, LSTM, and built three different hybrid models with trans-
former layers to evaluate and compare their performance (see Fig. 2). 
We chose the C-MAPSS dataset and the most recent work with the 
best results tested [36] to be used as a baseline for our benchmark. 
This task is performed iteratively and coupled with the application 
of both local and global XAI techniques to understand the models’ 
behaviour, identify areas for improvement, and refine these to be 
more accurate.

5. Evaluation: finally, we showed the results achieved and dis-
cussed about proposed architectures and challenging issues such as 

Fig. 1. Research methodology.

parameter-setting, class imbalance, data scarcity or variability in op-
erating conditions, among others.

3.1.  Hybrid architectures under study

In this work, we propose three hybrid architectures combining the 
encoder part of a transformer for capturing complex relationships be-
tween the features and LSTM layers to model the temporal relationships 
in the sequences of data.

In the first model architecture (see Fig. 2(a)), input data is first pro-
cessed by the transformer encoder, extracting the feature maps and then 
forwarded to the LSTM network, which is responsible for modelling the 
temporal dependencies of the features. Next, the output of the LSTM 
model goes through a fully connected feed-forward network with a ReLU 
activation function that outputs the predicted RUL value. This is espe-
cially useful when raw features are high-dimensional and noisy. Models 
built in our benchmark under this architecture are referred to as version 
1.

In the second model architecture (see Fig. 2(b)), input data is pro-
cessed in parallel by the transformer encoder along the feature axis and 
by the LSTM along the temporal axis, making it more robust to varia-
tion in data patterns. The outputs of both networks are concatenated 
and forwarded to the fully connected feed-forward regressor with the 
ReLU activation function that outputs the predicted RUL value. Models 
built under this architecture are referred to as version 2.

Finally, the third model architecture (see Fig. 2(c)) is a variant of the 
first one, but the order of the transformer encoder and the LSTM net-
work is reversed to see if the order in which the networks are connected 
produces a positive impact on the performance of the model. Models 
built under this architecture are referred to as version 3.

For the sake of a better comprehension of the elements that comprise 
each submodule- feed forward, LSTM and multi-head attention- A details 
the internal structure of each one graphically. As can be observed in the 
figure, we introduce dropout layers between LSTM and feed forward 
layers as part of our regularisation strategy.
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Fig. 2. Proposed hybrid architectures: (a) transformer-enconder + LSTM (version 1); (b) LSTM and transformer-enconder in paralell (version 2) and (c) LSTM + 
transformer-enconder (version 3). All of them have a fully connected feed forward network as the last layer to predict RUL.

4.  Experimentation

This section is divided into three subsections. The former describes 
the results achieved when the three proposed architectures are applied 
on C-MAPSS dataset. The second subsection describes the steps to build 
a regressor deep learning model for estimating the useful life of an air 
compressor installed in Porto subway cars. The latter addresses the same 
goal on Scania dataset, but in this case, it is a 5-class classifier. We ap-
ply explainability techniques to the models trained on real datasets with 
different objectives, such as gaining a deeper understanding of their 
decision-making process and extracting comprehensive insights, or per-
forming dimensionality reduction to enable the training of simpler and 
more sustainable predictors.

All the models trained, available in git1, were implemented in python 
using Pytorch Ligthning 2.4 library.

4.1.  RUL prediction on C-MAPSS dataset

C-MAPSS is a synthetic dataset created by NASA for the PHM08 data 
challenge. It is considered to be one of the de facto standard datasets for 
benchmarking RUL prediction models. It contains 4 sub-datasets con-
sisting of 26 numerical columns and a target variable representing the 
RUL of jet engines, which are measured once every operational cycle. 
The RUL column represents the number of operational cycles before the 
next engine failure. Each of the four sub-datasets differs from the others 
in the number of fault modes and the working conditions of the aircraft 
engines. These differences between the sub-datasets are summarised in 
Table 1.

4.1.1.  Data engineering pipeline
The main aim of this experiment was to evaluate the performance of 

our proposed architectures against an LSTM (baseline) model and the 
MHA-LSTM model presented in Lai et al. [36], which is the best one 

1 https://github.com/DintenR/Transformer-based-RUL-predictors

Table 1 
C-MAPSS sub-datasets characteristics.

 FD001  FD002  FD003  FD004
 Train engines  100  260  100  249
 Test engines  100  259  100  248
 Operating conditions  1  6  1  6
 Fault modes  1  1  2  2

we found in the literature. To ensure a fair comparison, we applied the 
same pre-processing that was used by the authors of Lai et al. [36]. This 
preprocessing consists of 3 steps: (1) applying a piece-wise RUL function 
that caps the RUL values at 130; (2) normalising the features based on 
a 6-cluster k-means of the operational features; and (3) the sequence 
generation for each of the engines.

4.1.2.  Data mining process
After the data preprocessing, the models were implemented and the 

hyper-parameter optimization carried out by using a random search 
with the parameter grid shown in Table 2. As demonstrated in Bergstra 
and Bengio[49], the random search method is a much more efficient 
technique when the search space is too big to perform a full grid search. 
In our case, the total number of combinations would amount to 3,200. 
Considering that we need to test all three model alternatives and eval-
uate each one using cross-validation, fully exploring the search space 
would require training 48,000 models, which is computationally infea-
sible within a reasonable timeframe. The results of the random search 
for the three model architectures are described in the Table B.13.

Table 3 shows the RMSE and score obtained by our three proposed 
architectures, a simple LSTM network, and the MHA-LSTM. As can be 
observed, our models outperform the LSTM baseline in every C-MAPSS 
sub-dataset for both RMSE and score. When comparing our architecture 
with the MHA-LSTM model, our model does not achieve a lower RMSE. 
However, it achieves a better score on the more complex sub-datasets, 
FD002 and FD004, which have multiple failure modes and varying op-
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Table 2 
Grid for hyper-parameter optimisation for C-MAPSS 
dataset.

 Hyper parameter  Values
 Num heads  [2,3,5,10]
 Num LSTM Layers  [1,3,5,10]
 LSTM Layers’ dim  [16,32,64,128]
 LSTM Dropout  [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8]
 Feed Forward Layers’ dim  [16,32,64,128]
 Feed Forward Dropout  [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8]

erating conditions. This indicates that our model is less likely to over-
estimate the RUL of the turbofan engines, thereby reducing the number 
of failures compared to the alternative approaches. At the same time, 
our model is worse than the MHA-LSTM model in FD001 and FD003, 
which, despite being simpler subsets, have fewer training samples. This 
suggests that our models are capable of capturing more complex pat-
terns in the data, but need a greater number of samples to do so.

Concerning XAI, we have chosen to omit this step for the C-MAPSS 
dataset, as it is a synthetic dataset designed primarily for benchmark-
ing. Consequently, the interpretability of feature importance is not of 
primary interest in this context. Instead, we focus our XAI analyses on 
real-world datasets, where the model understanding can provide more 
meaningful and actionable insights for decision-making.

4.2.  RUL prediction on Metro-PT dataset

The RUL estimation problem is particularly relevant in the context of 
the MetroPT dataset due to specific operational requirements imposed 
by the company. Metro of Porto has explicitly requested that any pre-
dictive maintenance system must be capable of identifying the need to 
withdraw a metro train from service with at least a two-hour advance 
window. This time frame is crucial to ensure that the withdrawal of 
the vehicle does not disrupt normal circulation and service availability. 
By applying RUL prediction methods, it becomes possible to estimate 
the remaining operational lifespan of critical components or systems in 
the vehicle. This capability offers a significant advantage: it extends the 
decision-making horizon for maintenance managers, allowing them to 
plan interventions with greater flexibility and foresight. Consequently, 
the integration of RUL models not only aligns with operational demands 
but also enhances system reliability, reduces unexpected downtimes, 
and contributes to more efficient maintenance scheduling. Following the 
defined methodology, we describe the dataset and the data engineering 
pipeline developed to prepare data for our goal. Next, we describe the 
data mining process and show the results achieved.

4.2.1.  Data engineering pipeline
This case study utilises three datasets collected from a single Air 

Production Unit (APU) installed on an urban metro train from Porto. 
They were collected at 3 different times during the development of the 
European XPM project. The data collection process and the descrip-
tion of each of the values measured by the sensors, can be found in [15].

∙ Exploratory data analysis

The datasets include signals from seven analog and eight digital sen-
sors, as outlined in C. Regarding the analog sensors, we have pressure, 
temperature and electric current consumed at different components of 
the APU. The eight digital signals are collected directly from the APU 
and GPS. The digital sensors installed in the APU assume only two dif-
ferent values: zero when inactive or one when a specific event activates 
them. Additionally, GPS information was captured with a secondary GPS 
antenna to collect the position, speed and signal quality.

The MetroPT dataset presents the advantage that it is a real-world 
dataset with known anomalies documented in the company’s mainte-

nance reports; however, another remarkable aspect is that there are a 
very small number of failures, only 9. This makes training a deep learn-
ing model complicated, as it generally needs many examples to adjust 
its parameters and achieve a suitable performance. Upon examining 
Fig. D.13, no discernible trend indicates the degradation of the air 
compressor across any variables. This indicates that failures tend to oc-
cur abruptly, posing a challenge in selecting appropriate input variables.

∙ Computation of real RUL values for each experiment

RUL prediction is commonly addressed as a supervised regression 
problem, so it is necessary to use the real RUL values as a target for the 
training process. None of the three datasets includes these values, but 
they can be easily obtained using the failure reports and Eq. (1), where 
Δ𝑡𝑛 = 𝑡𝑓 − 𝑡𝑛 being 𝑡𝑓  the timestamp of the failure and 𝑡𝑛 the timestamp 
of the 𝑛𝑡ℎ record.
𝑅𝑈𝐿𝑛 = 𝑚𝑎𝑥(Δ𝑡𝑛, 0) (1)

• RUL as a piecewise function

During the early stages of a system’s operation, the behavior tends to 
be highly stable due to low degradation levels, making it challenging 
for models to predict RUL values accurately. A common and effective 
approach to address this limitation involves identifying the RUL value 
at which the system begins to exhibit signs of degradation and treating 
the RUL as a piecewise function, as shown in Eq. (2). This approach 
establishes the degradation onset point as the threshold (𝑡ℎ)
𝑅𝑈𝐿 = 𝑚𝑖𝑛(𝑅𝑈𝐿, 𝑡ℎ) (2)

∙ Handling null values

Null values are not interpretable for DL models and, therefore, it 
is necessary to handle them appropriately either by replacing them in a 
process called null imputation or removing them from the dataset. There 
are various techniques for null imputations, such as forward/backward 
filling, constant value replacement (mean or median) or using a simple 
prediction technique like linear regression. However, imputing values 
when there is a large proportion of null values can create excessive noise. 
In those cases, it can be better to remove the affected features.

In the case of the MetroPT datasets, the proportion of null values 
is not too high, at around 15%, and is evenly distributed throughout 
the experiments so we applied forward filling to avoid gaps in the time 
series.

∙ Data normalization

Next, we addressed the data normalization process using z-score 
normalization, that means, adjusting values measured on different 
scales to a common scale. This prevents the model from being affected 
by variables expressed in a wider range of absolute values, even if they 
are less important.

∙ Downsampling

In the MetroPT dataset, metrics are recorded every second, i.e., 1Hz 
sampling rate. When predicting the RUL, models can use data sequences 
of different lengths ranging from various hours to days or even weeks, 
which means that the models may be more complex - they grow in size 
-, and consequently require more memory and computational power 
for both training and inference. Therefore, downsampling the data to 
simulate a lower sampling rate at the source can be advantageous, as it 
allows models to process longer sequences with reduced computational 
costs. In our case study, we established 1/60Hz, i.e., one data point 
every minute, using the mean value for the features and the lowest for 
remaining useful life.
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Table 3 
Performance comparison among models on C-MAPSS sub-sets. Bold numbers highlight the best metric for each sub-
set.

 FD001  FD002  FD003  FD004  Overall
 Model  RMSE  Score  RMSE  Score  RMSE  Score  RMSE  Score  RMSE  Score
 LSTM  16.14  338  24.49  4450  16.18  852  28.17  5550  23.43  3,747.88
 MHA-LSTM  11.43  209  13.32  1058  11.47  187  14.38  1618  13.19  1,012.01
 Version 1  12.52  271  14.67  1018  15.88  485  14.92  1,218  14.62  907.548
 Version 2  13.87  366.75  13.85  914.76  14.66  515.72  15.98  1,342.12  14.71  931.296
 Version 3  14.42  321.48  15.05  1,079.74  15.01  344.52  16.12  1,531.02  15.33  1,027.50

Table 4 
Failure incidents of MetroPT dataset [15,50,51].
 Dataset  Nr.  Type  Start  End

 1  1  Air Leak  28-02-2022 21:53  01-03-2022 02:00
 1  2  Air Leak  23-03-2022 14:54  23-03-2022 15:24
 1  3  Oil Leak  30-05-2022 12:00  02-06-2022 06:18
 2  1  Air Leak  04-06-2022 10:19  04-06-2022 14:22
 2  2  Oil Leak  11-07-2022 10:10  14-07-2022 10:22
 3  1  Air Leak  18-04-2020 23:59  19-04-2020 01:00
 3  2  Air Leak  29-05-2020 23:59  30-05-2020 12:00
 3  3  Air Leak  07-06-2020 14:30  08-06-2020 16:00
 3  4  Air Leak  15-07-2020 19:00  16-07-2020 00:00

Table 5 
Evaluation of models built on MetroPT dataset ( 30-day threshold). 
LSTM is our baseline, version 1, version 2 and version 3 are the 
models built according to each architecture proposed.
 Model  LSTM  Version 1  Version 2  Version 3
 Train RMSE  10.225380  7.3933  9.555300  11.357033
 Val-RMSE  10.216920  11.6788  7.945225  7.945225
 Test RMSE  11.923520  9.9348  10.116250  10.116250

∙ Run-to-failure experiment extraction

Run-to-failure is a maintenance strategy that is only performed when 
equipment has failed. It should be considered for those types of equip-
ment where the conditional probability of failure remains low with in-
creasing time or if preventative maintenance is too difficult to perform. 
Historical data in the form of a run-to-failure experiment log is a useful 
strategy for training the predictive models, and this was followed in our 
case study.

In this step, datasets 2 and 3 were divided into run-to-failure exper-
iments using the failure reports provided by the maintenance engineer 
following Algorithm 1 in Appendix E. These are displayed in Table 4. 
Dataset 1 was discarded because the original timestamps were missing, 
and the dataset authors simulated them using a 1Hz sampling rate based 
on the metro timetable. Additionally, failure 2 from dataset 2 was also 
discarded, as it is the only instance related to an oil leak, which provided 
insufficient data to train and test the model for this type of failure.

∙ Data windowing

As mentioned earlier, the models require data sequences as input to 
make predictions. Since the original data is stored in a tabular format, 
it was necessary to reshape it to provide the models with the appropri-
ate format. To achieve this, we employed a sliding window approach, 
detailed in the Algorithm 2 in Appendix E, to reorganize a set of run-to-
failure experiments into a dataset suitable for training the models.

4.2.2.  Data mining process
As it is usual in data mining and machine learning problems, the 

construction, train and evaluation of the models have been carried out 
following a cyclic approach where we first apply the preprocessing of 
the data, then implement and train the models, after inspecting and 

Table 6 
Evaluation of models built on MetroPT dataset (5-hour threshold). LSTM is our 
baseline, version 1, version 2 and version 3 are the models built according to the 
three architectures proposed and finally, the Only 2 Features column shows the 
results of the model version 1 trained using only the two most relevant features 
identified through LIME explanations (Oil_temperature and TP3).
 Model  LSTM  Version 1  Version 2  Version 3  Only 2 Features
 Train RMSE  0.3110  0.0969  0.0911  0.0516  0.3626
 Val-RMSE  1.1926  0.6778  1.0179  1.2294  0.8969
 Test RMSE  0.8645  0.6470  0.7205  0.8104  0.7386

analysing the results and consequently, we make adjustments to the pre-
processing of the data or the model architecture.

The evaluation of the models has been performed following a leave-
one-out strategy where each model was trained 4 times using three run-
to-failure experiments for training and one experiment for validation. 
The remaining run-to-failure experiment was reserved for testing pur-
poses. As an evaluation metric, we used RMSE to measure the accuracy 
of the predictions.

The first approach was using the proposed preprocessing and trying 
to predict the failure several days in advance, specifically, we set the 
threshold for the piece wise function to 30 days. However, as shown 
in Table 5 the RMSE was very high for every model, so we reduced the 
threshold to 5 days. In this case, the error was lower but mainly because 
the range of values is smaller.

After reviewing the results, we concluded that trying to predict the 
RUL several days in advance was excessively ambitious because the fail-
ures were too abrupt. This made us shift the predictions closer to the 
failure while still having enough time to react and take the train with 
the faulty compressor out of circulation for its revision. According to the 
business owners’ 3 to 5 hours was enough time to react and replace the 
faulty train almost seamlessly, so we trimmed the experiments to 5 hours 
before the failure, converted the RUL values from days to hours and re-
trained the models. Table 6 shows the results of this second attempt. 
In this case, the errors seem to be much lower, but it is just the conse-
quence of having a lower predicted horizon, as happened with the 5-day 
threshold. We can see in Fig. 3 that the model predicts a random value 
around the average RUL and 0 when the failure occurs. This means that 
the model is not capable of predicting the RUL but detects the anomaly, 
behaving more like a binary classifier. The same happens to the LSTM 
baseline model which is also capable of detecting the failure but with 
a much more erratic and unstable behaviour (see Fig. 4). Additionally, 
an exceptionally low RMSE on the training set indicates that the model 
is overfitting to the training data. This overfitting is likely due to the 
limited size of the dataset, the small number of failure cases, and the 
model’s complexity.

The lessons learned in the C-MAPSS dataset show that transformer-
based models perform better with larger datasets. To address this, we 
attempted to augment the data artificially using a Generative Adversar-
ial Network (GAN) to create synthetic failures resembling those in the 
training set. This approach aimed to enhance the model’s generalisation 
while reducing overfitting. However, this strategy proved insufficient, 
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Fig. 3. Predictions (blue line) vs ground truth values (orange line) for MetroPT for both (a) training and (b) test sets using version 1 model.

Fig. 4. Predictions (blue line) vs ground truth values (orange line) for MetroPT for both (a) training and (b) test sets using LSTM model.

as the training set contained only three run-to-failure experiments. This 
limited dataset size hindered the GAN’s ability to generate additional 
samples with the level of fidelity required for effectively training the 
model.

Next, we used LIME to generate explanations about the feature im-
portance for the best model (version 1 from Table 6) in two different 
scenarios: more than 2 hours before the failure and less than 1 h be-
fore the failure. This should allow us to identify which features are the 
most relevant and which could add unnecessary noise. In Fig. 5(a) and 
(b), we can see the results of the analysis for these instances. As we 
can see, Oil_temperature is the most important feature in both cases, 
however, the importance of the rest of the features changes when the 
component is closer to the failure. This is especially true for TP3 feature 
that goes from being the least important feature to being the second 
most important one. Taking this into account, we reduced the problem 
dimensionality by just using those two features, which are the most rel-
evant when the model is about to fail, and removing the rest. As a result, 
we could not improve the predictions of the RUL, but maintained the 
ability to detect the failures and reduced the overfitting of the model 
while relying on only two sensors.

Despite the different strategies, we could not predict the RUL in this 
dataset. However, the model could detect the failures as soon as they 
happened with just 2 sensors, as shown in Fig. 3(b). It is important to 
note, though, that this does not imply that our model is suitable for 
failure detection. This behaviour is likely a side effect of how the model 
was trained rather than the result of a deliberate design for classification 
purposes. A dedicated classifier, explicitly trained for failure detection, 
would likely outperform our approach, even using a simpler model.

4.3.  RUL prediction on scania component X dataset

In this section, we apply the methodology proposed on the Scania 
Component X dataset.

4.3.1.  Data engineering pipeline
The Scania dataset is a real-world, multivariate time series dataset 

collected from an anonymised engine component (referred to as
Component X) within a fleet of Scania trucks in Sweden [16]. This 
dataset is publicly available and was published to provide researchers 
with access to real-world data from a globally recognised company. 
It aims to serve as a standard benchmark for predictive maintenance, 
promoting reproducible research and enabling a broader range of re-
searchers to develop and compare their models. To our knowledge, only 
these three papers have been recently published [52,53] and [54].

∙ Exploratory Data Analysis

The dataset consists of a training, validation, and test datasets. The 
three subsets contain two files, one with the sensor readings and one 
with the vehicle specifications. In addition, the training and validation 
datasets contain an additional file with time-to-event information and 
the labels of each vehicle, respectively. The labels of the test sets are 
unknown because the dataset comes from a data challenge, and they 
have not yet been disclosed.

Each operational readings file contains data collected during the 
lifetime of the vehicles. These readings, one per row, provide a unique 
insight into the operational status of these vehicles. Each reading 
encompasses a different set of variables collected between two time 
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Fig. 5. Feature importance analysis for MetroPT model predictions. The plots illustrate the contribution of each feature to the predictions, expressed as a percentage, 
for both (a) normal operating conditions and (b) scenarios approaching failure. The values represented in the plots are the result of averaging the feature importance 
of the events that meet the specified conditions.

points. The train dataset consists of 1,122,452 observations of 23,550 
unique vehicles and 107 columns, including vehicle_id and time_step. 
The time_step column acts as an indicator, measuring the duration 
in time_step that each vehicle has used the component X during its 
operational lifetime. Finally, experts selected 14 variables of which 6 
are organised as histograms. The 6 histograms have variable IDs: ‘167’, 
‘272’, ‘291’, ‘158’, ‘459’ and ‘397’, and are divided into 10, 10, 11, 10, 
10, 20 and 36 intervals, respectively. The remaining eight variables, 
denoted as ‘171’, ‘666’, ‘427’, ‘837’, ‘309’, ‘835’, ‘370’, ‘100’, are 
numerical counters. These characteristics are cumulative and suitable 
for the representation of trends over time.

∙ Handling null values

The dataset contains a small proportion of null values, less than 1% 
per feature. Therefore, we decided to keep these values and apply two 
different imputation techniques. The first approach was zero-fill, which 
simply replaces null values with zero. Given that all features act as coun-
ters with a consistently increasing trend, zero values are easily identifi-
able by the model. The other approach was forward fill, which means us-
ing the last non-null value before replacing the null. This was performed 
for each vehicle independently to avoid using other vehicle readouts to 
replace null values appearing at the beginning of a sequence.

∙ RUL value transformation

In this problem, the RUL is treated as a discrete categorical variable 
ranging from 0 (far from failure) to 4 (imminent failure). The challenge 
organisers provide the guidelines to transform the RUL to a continuous 
variable in time units into the corresponding label (see Fig. 6).

∙ Preparation for Run-to-Failure Experiments and Data Labeling

While the validation and test sets are already provided with the la-
bels for the last event, the training set does not contain information 
about when and how the experiment ended. That means the labels must 
be computed according to the RUL-Label plot shown in Fig. 6. The in-
formation regarding the end-of-life timestamp for each experiment is 
provided in the tte.csv file.

The first step in computing the labels is to identify and separate the 
different run-to-failure experiments contained in the training dataset. 
In this dataset, the authors provide one experiment per vehicle, allow-
ing us to split the data into experiments using the vehicle_id column. 

However, not all experiments in the training dataset are run-to-failure 
experiments, as some vehicles did not reach a faulty state before the 
experiment ended. Whether or not a component reached failure during 
the experiment is indicated in the in_study_repair column, available 
in the tte.csv file.

This aspect must be considered when preparing the data for train-
ing, as the actual end-of-life is unknown for incomplete experiments, 
making it impossible to assign accurate labels. To address this limita-
tion, events occurring within 48 time units of the end of the experiment 
are discarded, and all earlier events are labelled as 0. In addition, in 
the validation and test sets, every vehicle reached failure, allowing the 
authors to provide accurate label values. To construct these sets, they 
censored the final portion of each experiment at a random point, ensur-
ing that the class proportions of the target variable remained consistent.

∙ Data normalisation

The dataset contains 14 unknown features with different scales and 
potentially expressed in different units. To prevent this from interfering 
with training, three different normalisation techniques were tested: z-
score normalisation, z-score normalisation by specification cluster, and 
histogram feature normalisation.

The first approach was to perform the classic z-score normalisation 
to all features and calculate the mean and standard deviation of the 
whole training dataset.

The second approach involved performing z-score normalisation, 
calculating the mean and standard deviation separately for each com-
bination of specifications. However, the number of specifications is un-
manageable, with over 1 million possible combinations, of which only 
a few are present on the training dataset. Moreover, validation and test 
datasets contain combinations of specifications unavailable in the train-
ing set. So, we opted for clustering on the specification feature to group 
similar combinations together using KModes algorithm. After examining 
the Elbow curve (see Fig. 7), we chose k=30 and trained the cluster-
ing model to replace the specification feature with the cluster. Next, we 
implemented a normaliser that computed and stored the mean and stan-
dard deviation values for each cluster to apply the normalisation to the 
data.

Finally, the third and last approach was to apply a different 
normalisation technique to the variables represented as a histogram. 
Given that the values of these features are not time series, but counters 
that gather how many times the readings lie in each of the bins, we 
computed the average sum of the bins for each variable in the whole 
training set and divided each bin by that average sum. For the counter 
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Fig. 6. Time-to-event for labelling of Scania Component X dataset events [16].

Fig. 7. Elbow curve to choose the number of clusters with which to group the 
configurations of the specification feature in the Scania Component X dataset. 
This parameter is used for configuring the clustered-based normalisation algo-
rithm.

features, we kept the z-score normalisation.

∙ Handling of imbalanced data

This dataset is highly imbalanced towards class 0 (far from failure), 
as it is common in most predictive maintenance problems. To deal with 
it, we implemented three different alternatives: i) undersampling the 
overrepresented class; ii) using a weighted version of the categorical 
cross-entropy loss function; and iii) implementing a custom loss function 
based on the cost of misprediction for this specific problem.

Oversampling and undersampling are widely used techniques for 
balancing datasets. On the one hand, oversampling creates new in-
stances of the underrepresented classes, offering the model more in-
stances to learn. On the other hand, undersampling does the opposite, 
it reduces the number of data points relative to the overrepresented 
classes. While oversampling seems ideal for deep learning problems 
where more data usually improves model performance, if done incor-
rectly, the new data point can add noise, slowing the learning process 
and even worsening the final model. This is especially true for multi-
variate time series data, where it is necessary to create not only new 
data points but also whole sequences of data. That is the reason why we 

Table 7 
Table of prediction cost provided by the authors’ article.

 Predicted:0  Predicted: 1  Predicted: 2  Predicted: 3  Predicted: 4
 Actual: 0 𝐶𝑜𝑠𝑡01 = 7 𝐶𝑜𝑠𝑡02 = 8 𝐶𝑜𝑠𝑡03 = 9 𝐶𝑜𝑠𝑡04 = 10
 Actual: 1 𝐶𝑜𝑠𝑡10 = 200 𝐶𝑜𝑠𝑡12 = 7 𝐶𝑜𝑠𝑡13 = 8 𝐶𝑜𝑠𝑡14 = 9
 Actual: 2 𝐶𝑜𝑠𝑡20 = 300 𝐶𝑜𝑠𝑡21 = 200 𝐶𝑜𝑠𝑡23 = 7 𝐶𝑜𝑠𝑡24 = 8
 Actual: 3 𝐶𝑜𝑠𝑡30 = 400 𝐶𝑜𝑠𝑡31 = 300 𝐶𝑜𝑠𝑡32 = 200 𝐶𝑜𝑠𝑡34 = 7
 Actual: 4 𝐶𝑜𝑠𝑡40 = 500 𝐶𝑜𝑠𝑡41 = 400 𝐶𝑜𝑠𝑡42 = 300 𝐶𝑜𝑠𝑡43 = 200

chose to perform undersampling for this problem. To perform the under-
sampling on the training set, we remove the events for a random subset 
of the vehicles that end the experiments without failures. The limitation 
of this balancing method is that the resulting dataset is smaller and may 
become insufficient for the model to learn. In this case, our training set 
had 21,287 sequences with label 0, 31 sequences with label 1, 70 se-
quences with label 2, 161 sequences with label 3 and 2000 sequences 
with label 4. If we tried to balance all the labels by just under-sampling, 
we would end up with 31 sequences of each label, which results in a se-
vere data loss of more than 99% of the sequences. To mitigate this effect, 
we combined the undersampling with appropriate loss functions, which 
allowed us to undersample only the majority class randomly dropping 
a 70% of class 0 sequences and balancing the importance of the rest 
using the loss function. The percentage of undersampling was treated as 
a hyperparameter that had to be tuned. We started from a 90%, which 
made the class 0 and class 4 had almost the same number of sequences. 
As a result, the model ignored class 0 due to the effect of the custom loss 
metric, so we decreased the percentage of sequences dropped until we 
found a balance between the effect of the undersampling and the loss 
function that allowed the model to predict every class. This results in los-
ing a 63% percent of training sequences, all from the overrepresented 
class 0, while preserving all the data relative to the underrepresented 
classes [8,660 sequences where Class 4 count: 2,000 Class 3 count: 161 
Class 2 count: 70 Class 1 count: 31 Class 0 count: 6,386].

Categorical cross-entropy is the loss function of choice for multi-class 
classification problems, as it allows the “distance” or error between the 
predictions and the actual labels to be measured. However, each class 
has equal weight by default, so if the data is imbalanced, the model 
will minimise the error in each data batch by only predicting the most 
frequent class. Using weights to penalise the mispredictions of the least 
represented classes more severely can help to mitigate this issue.

While categorical cross-entropy with adjusted weights might suffice 
for a standard multiclass classification problem, it is inadequate for this 
specific case. Here, we are not merely classifying sequences into inde-
pendent classes but into ordered classes that represent different stages 
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Table 8 
Grid for hyper-parameter tuning of the Scania Component X mod-
els.

 Hyper parameter  Values
 Sequence length  [30,60,120,200]
 Normalisation  [Cluster norm, z-score, histogram norm]
 Null imputation  [Forward fill, zero fill]
 Num heads  [2,3,6]
 Num LSTM Layers  [1,3,5,10]
 LSTM Layers’ dim  [32,64,128,256]
 LSTM Dropout  [0.1,0.2,0.3,0.4,0.5]
 Feed Forward Layers’ dim  [16,64,128]
 Feed Forward Dropout  [0.1,0.2,0.3,0.4,0.5]

Table 9 
Confusion matrix of the best-performing multiclass classification model (version 
1 architecture), trained using the hyperparameters detailed in Table H.17. The 
matrix summarises the model’s predictions across all classes on the validation 
dataset.

 Class  Predicted:0  Predicted: 1  Predicted: 2  Predicted: 3  Predicted: 4
 Actual: 0  190  170  0  345  4205
 Actual: 1  0  0  0  0  16
 Actual: 2  0  0  0  1  13
 Actual: 3  0  1  0  2  27
 Actual: 4  0  0  0  0  76

Table 10 
Confusion matrix of the best-performing ordinal regression model (based on 
version 1 architecture), trained using the hyperparameters detailed in Ta-
ble H.17. The matrix summarises the model’s predictions across all classes 
on the validation dataset.
 Class  Predicted:0  Predicted: 1  Predicted: 2  Predicted: 3  Predicted: 4
 Actual: 0  1128  829  162  256  2535
 Actual: 1  1  5  2  0  8
 Actual: 2  1  2  1  0  10
 Actual: 3  7  9  0  1  13
 Actual: 4  5  21  2  4  44

of the RUL of Component X. This ordering implies that misclassifications 
carry different levels of severity: predicting class 4 for a sequence be-
longing to class 0 is not equivalent to predicting class 0 for a sequence 
belonging to class 4. The RUL is underestimated in the first scenario, 
while it is overestimated in the second scenario. Overestimations are 
generally more costly because they increase the risk of failures. This 
is validated in this case by the cost table provided by the authors’ ar-
ticle (see Table 7). We implemented a custom loss function based on 
the cost table to address this. The loss function, detailed in Algorithm 3 
in Appendix E, incorporates domain-specific penalisation. First, it ap-
plies softargmax-a differentiable version of the argmax function-to the 
model’s output to obtain the predicted class. Then, it calculates the dif-
ference between the predicted and ground truth values, applying an 
asymmetric penalty, with higher costs assigned to positive errors (over-
estimations) than to negative errors (underestimations), following the 
cost table.

After testing three alternatives: using only the custom loss func-
tion, undersampling with custom loss function, and undersampling with 
weighted cross-entropy, the one that proved to give better results was 
the combination of under-sampling and the custom loss function (see 
Table G.16). This combination allowed us to keep a bigger dataset than 
only using under-sampling while still being able to balance the repre-
sentation of the classes via the loss function.

4.3.2.  Data mining process
Following the same approach as with the previous two datasets, Tur-

bofan and MetroPT, we first prepared the data by applying the afore-
mentioned transformations. After completing the preprocessing steps, 
we trained the three architectural variants. However, we chose to pro-

Table 11 
Confusion matrix of the best-performing binary classification model (version 
1 architecture), trained using the hyperparameters detailed in Table H.17. 
The matrix summarises the model’s predictions across all classes on the vali-
dation dataset.
 Class  Predicted: 0  Predicted: 1  Predicted: 2  Predicted: 3  Predicted: 4
 Actual: 0  1227  0  0  0  3683
 Actual: 1  0  0  0  0  16
 Actual: 2  1  0  0  0  13
 Actual: 3  5  0  0  0  25
 Actual: 4  1  0  0  0  75

Table 12 
Scores obtained in the validation set of Scania dataset for the three best models 
built: classifier, ordinal regressor and binary classifier; and those achieved by 
the GNN from Parton et al. [52].
 Model  Dummy Classifier  Classifier  Ordinal Regressor  Binary Classifier  GNN
 F1-score  0.005  0.0539  0.086  0.087  0.135
 Accuracy  0.015  0.023  0.233  0.258  0.466
 Total cost  49,566  47,089  53,710  40,053  40,109

ceed exclusively with version 1, as it consistently outperformed versions 
2 and 3 (see Table F.16), reinforcing the results obtained in the previous 
two tasks (see RMSE and Score in Table 3 and RMSE in Tables 5 and 6).

For this problem, we created a hyperparameter matrix for the ran-
dom search process that not only includes the model parameters but also 
the two null imputation and three normalisation techniques mentioned 
previously, as shown in Table 8.

To evaluate the models, we used two common metrics for classifica-
tion problems: accuracy (see Eq. (3)) and macro F1-score (see Eq. (4)). 
Additionally, we employed an asymmetric cost metric specific to this 
problem (see Eq. (5)), where 𝐶𝑜𝑠𝑡𝑛𝑚 represents the corresponding value 
from Table 7) as provided by the authors of the dataset.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝐴𝑙𝑙𝑝𝑟𝑒𝑑𝑖𝑐𝑖𝑡𝑜𝑛𝑠

(3)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

𝐹1 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(4)

𝑀𝑎𝑐𝑟𝑜𝐹1 =
∑𝑁𝑐𝑙𝑎𝑠𝑠𝑒𝑠

𝑖=0 𝐹1(𝑖)
𝑁𝑐𝑙𝑎𝑠𝑠𝑒𝑠

𝑇 𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡 = 𝐶𝑜𝑠𝑡𝑛𝑚 ×𝑁𝑜𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 (5)

We found three other approaches in the literature we could compare 
our models against. However, Parton et al. [52] simplifies the problem 
by transforming classes 1, 2 and 3 to 4, and Carpentier et al. [53] does 
not report the total cost obtained. So, we added a dummy classifier to 
Table 12 as a baseline. This always predicts class 4. The metrics corre-
spond to the model providing the lowest validation set cost.

On the first attempt, the model predictions were highly biased to-
ward the class 0 due to the data imbalance. To address this, we tested 
and compared the different approaches outlined in the previous sub-
section. Using the best parameter combination identified through the 
random search, we obtained the confusion matrix shown in Table 9 and 
the results shown in the column labelled “classifier" in Table 12.

Next, we explored a different approach to the problem. Although this 
is framed as a classification task, the classes represent intervals of the 
RUL of Component X, implying that the order of the classes matters and 
failures should not be evaluated merely as hits or misses. In such cases, 
the problem can be reinterpreted as an ordinal regression. Then, we im-
plemented a modified version of the architecture by replacing the final 
layer with a regression layer. The regression output is then mapped to 
categories using cut points that are adjusted during the training process. 
These cut points should meet that 𝐶𝑛 > 𝐶𝑛−1 where 𝐶𝑛 is the cutpoint 
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for the class 𝑛. The confusion matrix and evaluation metrics obtained 
with the ordinal regression model are shown in Tables 10 and 12, re-
spectively. As shown in the confusion matrix, this model is able to pre-
dict better the middle classes, however, it struggles more with class 4, 
giving a higher total cost, not even beating the dummy classifier. The 
implementation of the ordinal regression model was carried out with 
spacecutter2 and spacecutterLightning3 python packages.

With the previous attempts, the cost is only an 5% lower than the 
cost of always predicting class 4. This is mainly due to the difficulty in 
predicting the behaviour of the middle classes, which is often misclassi-
fied, as a consequence of the limited number of examples available and 
the fact that overestimation is heavily penalised by the cost function. 
To reduce the total cost, classes 1, 2 and 3 can be merged into class 
4 during the training process, thereby forcing underestimation of RUL 
for these difficult classes. This adjustment simplifies the problem into a 
binary classification task, where accuracy and F-score are traded for a 
lower total cost. The confusion matrix for the binary classifier is shown 
in Table 11 and model evaluation metrics in Table 12.

In general, every model we trained exhibits low accuracy and F1-
score due to the severe class imbalance in the dataset-specifically, the 
underrepresentation of classes 1, 2, and 3, and the overwhelming domi-
nance of class 0. If we focus on the accuracy, the model would be highly 
biased towards class 0, making the cost higher. On the other hand, if 
we try to reduce the cost, the models tend to be biased towards class 4, 
sometimes even neglecting the rest of the classes. Considering that we 
are facing a predictive maintenance problem, in which avoiding unex-
pected failures and reducing cost is the priority, we chose to minimise 
the cost by underestimating the RUL to avoid false negatives, although 
that means sacrificing accuracy. On the other hand, the GNN shows a 
similar cost, but with higher accuracy and F1-score. Intuitively, this can 
lead us to think that the model is better overall, but if we look at the 
confusion matrix (see Table I.18), we can observe that the higher accu-
racy comes mainly from the much better class 0 classification, but the 
accuracy in the more critical classes, 3 and 4, is much worse compared 
to our model.

Next, we apply LIME with 2 aims: to reduce the interference from 
the features that do not provide useful information to the model and to 
identify which features allow the model to predict the RUL correctly or 
incorrectly.

Figs. 8–11 present a true positive vs false positive comparison of the 
feature importance for each of the classes, except for class 2, which our 
classifier never predicts. We calculate the total absolute contribution 
of each feature to the model decision, then convert these values into a 
percentage and rank the variables from most to least important. 

The features ‘397’, ‘459’, ‘272’, ‘291’, ‘167’ and ‘158’ are the most 
relevant for classes 0, 1 and 3 as can be observed in Figs. 8–10 and their 
importance is almost identical. We can see no significant differences be-
tween true positives and false positives. However, when the component 
is closer to failure, this changes. We can observe in Fig. 11(a) that fea-
tures ‘167’ and ‘time’ gain significant importance, and feature ‘272’ is 
almost ignored when the model predicts class 4 correctly. In contrast, 
the importance of the features changes drastically when the model pre-
dicts class 4 wrongly (see Fig. 11(b). Features ‘158’ and ‘272’ account 
for approximately 25% and 20% of the importance ratio, respectively, 
while feature ‘397’ decreases from 30% of the total importance to just 
about 10%, and feature ‘459’ drops from 15% to less than 1%.

This analysis reveals us three key findings: (1) for every class, around 
80% of the total feature importance is concentrated in the same 7 
features: ‘158’,‘167’,‘272’,‘291’,‘397’,‘495’ and ‘time’ meaning that the 
learnt model is mainly using those features independently of the pre-
dicted class, and thus these are the ones carrying the information, so we 

2 https://github.com/EthanRosenthal/spacecutter
3 https://github.com/soof-golan/spacecutter-lightning/tree/main

could train a model and get the same results using half of the variables; 
(2) although the time variable did not appear to have a strong correla-
tion with the class during the initial visual data exploration, the LIME 
explanations tell us that it is important for predicting class 4; and, (3) 
feature ‘158’ is causing the false positives for class 4. Due to the lack of 
detailed information about the component and the meaning of the vari-
ables, we are unable to fully leverage the feature importance analysis 
to identify potential causes of failure and help the maintenance team 
diagnose them. In this regard, XAI proved useful for data scientists.

4.4.  Discussion

The work conducted with these three datasets highlights the capa-
bilities and potential of hybrid models based on the transformer archi-
tecture for predictive maintenance tasks. However, this potential is ac-
companied by certain limitations commonly encountered in real-world 
problems. In this section, we outline the key findings and the strengths 
and weaknesses of our models in each of the addressed problems.

In the first case study, RUL prediction on the C-MAPSS dataset, 
the proposed model demonstrates performance comparable to the best-
performing models reported in the literature, and even surpasses them 
on the more complex subsets. This is something remarkable because 
it is a highly known open dataset that has been available for years and 
considered by the data mining community as one of the main benchmark 
dataset for RUL prediction. Plenty of practitioners have tested their mod-
els with it making it a really competitive problem. On the other hand, 
the added complexity of the model makes it even more data-dependent 
than other deep learning architectures, i.e. it requires more data to be 
trained.

In the second problem, the MetroPT dataset, we tackled the challenge 
of predicting the RUL of the APU for the first time. Originally designed as 
a benchmark for anomaly detection models, the dataset required slight 
modifications to compute the RUL ground truth based on maintenance 
reports. This dataset exemplifies a real-world problem where component 
degradation is difficult to capture (abrupt failures) and the number of 
failures is extremely low. The limited amount of data severely impacted 
the performance of our architecture, once again highlighting its vulner-
abilities in such scenarios. However, despite the suboptimal results, this 
work serves as a guide for adapting the dataset and provides a baseline 
for future researchers in this area. Additionally, as a contribution to this 
problem, we applied a feature importance analysis using LIME explana-
tions to identify the most significant features for failure detection. This 
analysis enabled us to achieve equivalent results with a simplified model 
using only two features.

In the third case study, the Scania Component X dataset, we achieved 
the best cost performance to date in the multi-class classification task, 
improving the baseline result by 5%. In the binary classification task, 
our approach yielded similar results to the graph neural network model 
presented in [52], with a cost improvement of less than 1%. Although, 
this approach achieves better performance, it is worth noting that the 
simplification of the problem into binary classification essentially trans-
forms the RUL estimation into anomaly detection. In the ordinal regres-
sion task, we could not surpass the baseline, at least in terms of total 
cost. This may be attributed to the strong penalty for overestimation, 
which is not adequately accounted for by the specific loss function em-
ployed in the ordinal regression model. Additionally, as a consequence 
of class imbalance and overestimation penalty, we observed a global ten-
dency toward overconfident predictions in certain classes, such as class 
4. As a potential fix, we could incorporate an additional regularisation 
term based on the entropy of the predicted class distribution. This term 
would encourage higher entropy and thus softer, more calibrated pre-
dictions, potentially reducing the model’s bias toward dominant classes 
and improving overall generalisation. Lastly, using LIME, we analysed 
the behaviour of the Scania RUL predictor, identifying the features that 
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Fig. 8. Feature importance analysis for Scania multiclass model predictions of class 0. The plots illustrate the contribution of each feature to the predictions, expressed 
as a percentage, for both (a) true positive cases and (b) false positive cases.

Fig. 9. Feature importance analysis for Scania multiclass model predictions of class 1. The plots illustrate the contribution of each feature to the predictions, expressed 
as a percentage, for both (a) true positive cases and (b) false positive cases.

contribute most to accurate predictions, as well as those responsible for 
false positives.

Another noteworthy issue is the significant class imbalance observed 
in the two real-world datasets. In contrast, the C-MAPSS dataset, be-
ing synthetic and specifically designed as a benchmark for RUL pre-
dictors, did not present this challenge. Class imbalance in real-world 
datasets makes predicting underrepresented classes particularly difficult 
for models, emphasising the importance of addressing data balancing to 
achieve a well-trained model. To tackle this issue, we tested three dif-
ferent techniques: under-sampling, custom loss function, and weighting 
the loss function. Based on our experience and the characteristics of 
predictive maintenance datasets, a slight under-sampling of the major-

ity classes combined with an appropriate custom loss function proved 
to be the most effective approach. This strategy prevents excessive data 
loss during under-sampling while ensuring underrepresented classes are 
appropriately weighted.

Through these three distinct problems, we demonstrated that our 
transformer-based model can effectively capture complex non-linear re-
lationships, provided sufficient data exists. Moreover, with minor adjust-
ments to the output layers, the model can seamlessly adapt to function 
as a regressor (MetroPT and Turbofan), a multi-class classifier (Scania), 
and a binary classifier (Scania).

Finally, LIME proved to be an invaluable tool for model explainabil-
ity, serving three complementary purposes. First, it helped reduce the di-
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Fig. 10. Feature importance analysis for Scania multiclass model predictions of class 3. The plots illustrate the contribution of each feature to the predictions, 
expressed as a percentage, for both (a) true positive cases and (b) false positive cases.

Fig. 11. Feature importance analysis for Scania multiclass model predictions of label 4. The plots illustrate the contribution of each feature to the predictions, 
expressed as a percentage, for both (a) true positive cases and (b) false positive cases.

mensionality of the MetroPT problem, mitigating overfitting while pre-
serving anomaly detection performance using only two variables. Sec-
ond, it offered insights into the behaviour of the Scania RUL predictor 
by highlighting both the features contributing most to accurate predic-
tions and those associated with false positives. Third, it demonstrated 
that, when provided with sufficient technical detail, domain experts can 
use these explanations to diagnose components, trace root causes, and 
select appropriate maintenance actions.

Overall, these experiments show that XAI techniques like LIME can 
benefit all stakeholders in a PdM project. While data scientists and ML 
engineers can use explanations to guide model development and re-
finement, maintenance staff can complement model outputs with do-

main knowledge, enhancing interpretability. This ultimately increases 
the transparency, usability, and trustworthiness of the final product.

However, Shap and TimeShap could not be used due to techni-
cal reasons.The current implementation of Shap method does not sup-
port recurrent models such as LSTM with any of the neural network-
specific explainers, needing an adaptation of the generic KernelEx-
plainer that is not fully compatible with our technological stack. The 
adapted version for temporal series, TimeShap, did not properly work 
with none of our real datasets. It did not fail but the step in which 
the average event is calculated results zero and then the output does 
not provide significant information. We will address these issues in the 
nearfuture. 
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5.  Conclusions

PdM allows for more accurate and timely predictions, en-
abling proactive maintenance decisions that reduce downtime, im-
prove reliability, and extend the lifespan of industrial machin-
ery.

Predicting the RUL with precision has emerged as a critical and 
highly complex issue. Traditional CNN and RNN face limitations, 
prompting the introduction of the attention mechanism to enhance 
the representation of long-term bearing degradation data. The trans-
former network, which leverages the attention mechanism, has been 
successfully implemented across various domains and is widely ac-
knowledged as a significant advancement in deep learning mod-
els.

The experimentation carried out in this work shows the flexibil-
ity and effectiveness of deep learning in adapting to the varying re-
quirements of industrial prognosis and predictive maintenance. We 
worked with three datasets, two real ones, each with distinct char-
acteristics, requiring specific and challenging preprocessing tasks. Ad-
ditionally, we implemented different strategies to configure the net-
work, particularly its output layer, adapting it to function as ei-
ther a regressor or a classifier. We also utilised explainability tech-
niques to identify the most relevant features, enabling the develop-
ment of simpler models without compromising accuracy. We hope 
that this work will help other researchers to make progress in this 
field.

Our following steps will be to solve Shap and TimeShap prob-
lems and apply these techniques in the Scannia dataset. As fu-
ture work, we plan to investigate the inclusion of an entropy-
based regularisation term to promote better-calibrated predictions 
and address the observed overconfidence in certain classes, as 
well as, to further explore and apply AI and XAI techniques to 
other real datasets. As a result of this experience, our goal is 
to develop algorithms that seamlessly integrate explainability tech-
niques into the data mining process, including the preprocessing 
phase.
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Fig. A.12. Internal structure of submodules used in the hybrid architecture: a) Feed Forward; b) LSTM and c) Multi-Head Attention.
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Appendix A.  Detailed description of the submodules in the hybrid model

Appendix B.  Hyperparmeters of the models and the training process for C-MAPSS case study

Table B.13 
Selection of hyperparameters after performing the random search 
for the training of C-MAPSS RUL predictors.

Hyperparameter
 Values
 Version 1  Version 2  Version 3

 Num heads  10  10  10
 Transformer Encoder Dropout  0.1  0.1  0.1
 Num LSTM Layers  1  3  1
 LSTM Layers’ dim  128  128  128
 LSTM Dropout  0.3  0.4  0.1
 Feed Forward Layers’ dim  32  64  128
 Feed Forward Dropout  0.4  0.3  0.8
 Batch size  128
 Learning rate  0.0002

Appendix C.  MetroPT dataset features

Table C.14 
Onboard analog and digital sensors from GPS and APU train.

 Variable  Unit  Description
TP2  bar Pressure on the compressor.
TP3  bar Pressure generated at the pneumatic panel.
H1  bar Pressure generated due to pressure drop when the discharge of the cyclonic separator filter occurs.
DV pressure  bar Pressure drop generated when the towers discharge air dryers; a zero reading indicates that the compressor is operating under load.
Reservoirs  bar Downstream pressure of the reservoirs, which should be close to the pneumatic panel pressure (TP3).
Motor Current  A Current of one phase of the three-phase motor; values are close to 0A - when it turns off, 4A - when working offloaded, 7A - when working under 

load, and 9A - when it starts working.
Oil Temperature ◦C Oil temperature on the compressor.
COMP  – The electrical signal of the air intake valve on the compressor; it is active when there is no air intake, indicating that the compressor is either turned 

off or operating in an offloaded state.
DV electric  – The electrical signal that controls the compressor outlet valve; it is active when the compressor is functioning under load and inactive when the 

compressor is either off or operating in an offloaded state.
TOWERS  – The electrical signal that defines the tower responsible for drying the air and the tower responsible for draining the humidity removed from the air; 

when not active, it indicates that tower one is functioning; when active, it indicates that tower two is in operation.
MPG  – The electrical signal responsible for starting the compressor under load by activating the intake valve when the pressure in the air production unit 

(APU) falls below 8.2 bar; it activates the COMP sensor, which assumes the same behaviour as the MPG sensor.
LPS  – The electrical signal that detects and activates when the pressure drops below 7 bars.
Pressure Switch  – The electrical signal that detects the discharge in the air-drying towers.
Oil Level  – The electrical signal that detects the oil level on the compressor; it is active when the oil is below the expected values.
Caudal Impulse  – The electrical signal that counts the pulse outputs generated by the absolute amount of air flowing from the APU to the reservoirs.
gpsLong o

¯
Longitude position.

gpsLat o
¯

Latitude position.
gpsSpeed  km/h Speed.
gpsQuality Signal quality

Appendix D.  MetroPT time series plot

Appendix E.  Algorithms

Appendix F.  Hyperparmeters of the models and the training process for MetroPT case study

Appendix G.  Performance comparison of data balancing approaches

Appendix H.  Hyperparmeters of the models and the training process for Scania case study

Appendix I.  Confusion matrix of the GNN model on the C-MAPSS dataset.
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Fig. D.13. Time series plot of a run-to-failure dataset extracted from MetroPT-3. It can be observed that the time series data does not exhibit obvious degradation 
trends prior to failure-many variables remain stable or fluctuate within normal ranges. This reflects a critical characteristic of this dataset: failures tend to occur 
abruptly and without clear early warning signs, which makes RUL prediction particularly challenging in this real-world scenario.

Table F.15 
Selection of hyperparameters after performing the random search for the 
training of MetroPT RUL predictors. These parameters correspond to the 
models trained for predicting RUL with a 5 h threshold.

Hyperparameter
 Values
 LSMT  Version 1  Version 2  Version 3

 Num heads  –  2  2  2
 Transformer Encoder Dropout  –  0.1  0.1  0.1
 Num LSTM Layers  3  3  3  3
 LSTM Layers’ dim  128  128  128  128
 LSTM Dropout  0.2  0.2  0.2  0.1
 Feed Forward Layers’ dim  128  128  128  128
 Feed Forward Dropout  0.5  0.5  0.5  0.5
 Batch size  256
 Learning rate  0.001
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Algorithm 1 Run-to-failure experiment creation.
Require: 𝑑𝑎𝑡𝑎_𝑑𝑖𝑟 is the directory containing the data files
Ensure: Subsets with computed RUL 
1: datasets ← Load_datasets() 
2: Drop_unnecessary_columns(datasets) 
3: Forward_fill_missing_values(datasets) 
4: Drop_remaining_missing_values(datasets)
5: 𝑠𝑢𝑏𝑠𝑒𝑡𝑠 ← []
6: for each 𝑑𝑎𝑡𝑎 ∈ 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑠 do

7: 𝑟𝑢𝑙𝑐𝑜𝑙 ← 0.0
8: for each 𝑖 ∈ 𝑟𝑎𝑛𝑔𝑒(𝑑𝑎𝑡𝑎[′𝑓𝑎𝑖𝑙𝑢𝑟𝑒_𝑑𝑎𝑡𝑒𝑠′]) do

9: 𝑙𝑎𝑠𝑡_𝑑𝑎𝑡𝑒 ← 𝑑𝑎𝑡𝑎[′𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝′][𝑑𝑎𝑡𝑎[′𝑓𝑎𝑖𝑙𝑢𝑟𝑒_𝑑𝑎𝑡𝑒𝑠′][𝑖]]
10: Compute_RUL(𝑑𝑎𝑡𝑎[′𝑟𝑢𝑛_𝑠𝑡𝑎𝑟𝑡_𝑙𝑖𝑠𝑡′][𝑖] , 𝑑𝑎𝑡𝑎[′𝑓𝑎𝑖𝑙𝑢𝑟𝑒_𝑑𝑎𝑡𝑒𝑠′][𝑖]) 
11: Append subset to 𝑠𝑢𝑏𝑠𝑒𝑡𝑠

12: end for
13: end for
14: for each subset in 𝑠𝑢𝑏𝑠𝑒𝑡𝑠 do

15: Downsample_frequency(1, ’min’) 
16: Merge_RUL_values() 
17: Drop_remaining_missing_values(subset)

18: end for
19: return 𝑠𝑢𝑏𝑠𝑒𝑡𝑠

Algorithm 2 From run-to-failure experiments to sequence-shaped dataset.
Require: 𝑠𝑢𝑏𝑠𝑒𝑡𝑠, 𝑑𝑎𝑡𝑎_𝑚𝑒𝑎𝑛, 𝑑𝑎𝑡𝑎_𝑠𝑡𝑑, 𝑡𝑎𝑟𝑔𝑒𝑡, 𝑤𝑖𝑛𝑑𝑜𝑤_𝑠𝑖𝑧𝑒, 𝑑𝑟𝑜𝑝_𝑐𝑜𝑙𝑠, 𝑠𝑐𝑎𝑙𝑒𝑟
Ensure: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑙𝑎𝑏𝑒𝑙𝑠 after window transformation 
1: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 ← []
2: 𝑙𝑎𝑏𝑒𝑙𝑠 ← []
3: for each 𝑠𝑢𝑏𝑠𝑒𝑡 ∈ 𝑠𝑢𝑏𝑠𝑒𝑡𝑠 do

4: 𝑥_𝑠𝑢𝑏𝑠𝑒𝑡 ← 𝐷𝑟𝑜𝑝(𝑠𝑢𝑏𝑠𝑒𝑡, 𝑐𝑜𝑙𝑢𝑚𝑛𝑠 = [𝑡𝑎𝑟𝑔𝑒𝑡, ∗ 𝑑𝑟𝑜𝑝_𝑐𝑜𝑙𝑠])
5: if 𝑠𝑐𝑎𝑙𝑒𝑟 ≠ 𝑁𝑜𝑛𝑒 then

6: 𝑥_𝑠𝑢𝑏𝑠𝑒𝑡 ← 𝑆𝑐𝑎𝑙𝑒𝑟_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑥_𝑠𝑢𝑏𝑠𝑒𝑡)
7: else

8: 𝑥_𝑠𝑢𝑏𝑠𝑒𝑡 ← (𝑥_𝑠𝑢𝑏𝑠𝑒𝑡 − 𝑑𝑎𝑡𝑎_𝑚𝑒𝑎𝑛)∕𝑑𝑎𝑡𝑎_𝑠𝑡𝑑
9: end if
10: if 𝑙𝑒𝑛(𝑠𝑢𝑏𝑠𝑒𝑡) > 𝑤𝑖𝑛𝑑𝑜𝑤_𝑠𝑖𝑧𝑒 then

11: 𝑥 ← 𝑇 𝑜_𝐴𝑟𝑟𝑎𝑦(𝑥_𝑠𝑢𝑏𝑠𝑒𝑡)
12: 𝑦 ← 𝑇 𝑜_𝐴𝑟𝑟𝑎𝑦(𝑠𝑢𝑏𝑠𝑒𝑡[𝑡𝑎𝑟𝑔𝑒𝑡])
13: 𝑥_𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠 ← []
14: 𝑙𝑎𝑏𝑒𝑙𝑠 ← []
15: for 𝑖 ← 𝑤𝑖𝑛𝑑𝑜𝑤_𝑠𝑖𝑧𝑒 to length of 𝑥 do

16: 𝑥_𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑥[𝑖 −𝑤𝑖𝑛𝑑𝑜𝑤_𝑠𝑖𝑧𝑒 ∶ 𝑖])
17: 𝑠𝑢𝑏𝑠𝑒𝑡_𝑙𝑎𝑏𝑒𝑙𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑦[𝑖])

18: end for
19: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑥_𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠)
20: 𝑙𝑎𝑏𝑒𝑙𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑠𝑢𝑏𝑠𝑒𝑡_𝑙𝑎𝑏𝑒𝑙𝑠)

21: end if
22: end for
23: 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 ← 𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠)
24: 𝑙𝑎𝑏𝑒𝑙𝑠 ← 𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝑙𝑎𝑏𝑒𝑙𝑠)
25: return 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑙𝑎𝑏𝑒𝑙𝑠
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Algorithm 3 Custom loss function based on cost.
Require: Predictions 𝑦_ℎ𝑎𝑡, Ground truth 𝑦
1: 𝑛 ← 5
2: 𝛽 ← 100
3: Define softargmax1d function: 
4:  softmax(𝛽 ⋅ input)
5:   indices ← linspace(0, 1, 𝑛)
6:   result ← sum((𝑛 − 1) ⋅ input ⋅ indices
7:   return result 
8: Apply softargmax1d to 𝑦 and 𝑦_ℎ𝑎𝑡
9: Compute error: 𝑒𝑟𝑟𝑜𝑟 ← 𝑦 − 𝑦_ℎ𝑎𝑡
10: Identify penalized errors: 
11:  𝑒𝑟𝑟𝑜𝑟_𝑛𝑒𝑔 ← |error[𝑒𝑟𝑟𝑜𝑟 < −0.1]| + 6
12:  𝑒𝑟𝑟𝑜𝑟_𝑝𝑜𝑠 ← (error[𝑒𝑟𝑟𝑜𝑟 > 0.1] + 1) ⋅ 100
13: 𝑙𝑜𝑠𝑠 ← sum(concat(𝑒𝑟𝑟𝑜𝑟_𝑛𝑒𝑔, 𝑒𝑟𝑟𝑜𝑟_𝑝𝑜𝑠))
14: return 𝑙𝑜𝑠𝑠

Table G.16 
Performance metrics of the Scania Component X multiclass classifiers using three 
different data imbalance approaches: (1) using a custom loss function, (2) un-
dersampling the majority class combined with weighted cross-entropy, and (3) a 
combination of undersampling the majority class and the custom loss function. 
For every model architecture, the combination of undersampling and the custom 
loss function provides better results. The best model is highlighted in bold font.
 Custom Loss  Accuracy  F1-score  Total cost
 LSTM  0.269  0.088  61,102
 Version 1  0.205  0.007  53,147
 Version 2  0.157  0.056  59,345
 Version 3  0.973  0.197  57,400
 Undersampling + weighted cross-entropy loss
 LSTM  0.309  0.105  54,043
 Version 1  0.619  0.162  61,347
 Version 2  0.443  0.128  53,576
 Version 3  0.057  0.022  65,948
 Undersampling + custom loss
 LSTM  0.015  0.015  49,544
 Version 1  0.053  0.023  47,089
 Version 2  0.02  0.008  48,649
 Version 3  0.013  0.005  59,057

Table H.17 
Selection of hyperparameters after performing the random search for the training of Scania Component X RUL predictors 
shown in Table 12. These are the parameters for the best-performing models obtained for each architecture tested. CE 
acronym means Cross-Entropy and BCE, Binary Cross-Entropy.

Hyperparameter
 Values
 LSMT  Version 1  Version 2  Version 3  Ordinal Regression  Binary

 Normalisation  Histogram normalisation
 Null imputation  Zero fill
 Num heads  –  10  2  10  10  10
 Transformer Encoder Dropout  –  0.1  0.1  0.1  0.1  0.1
 Num LSTM Layers  3  5  5  1  5  5
 LSTM Layers’ dim  256  256  128  256  256  256
 LSTM Dropout  0.3  0.3  0.5  –  0.3  0.3
 Num Feed Forward Layers  1  1  1  1  3  1
 Feed Forward Layers’ dim  128  128  128  128  128  128
 Feed Forward Dropout  0.2  0.2  0.2  0.2  0.1  0.2
 Sequence length  200  200  30  100  200  200
 Batch size  128
 Learning rate  0.0002
 Loss function  Custom  Custom  Weighted CE  Custom  CumulativeLinkLoss  Weighted BCE

Table I.18 
Confusion matrix of the GNN model described in Parton et al. [52]. The matrix sum-
marises the model’s predictions across all classes on the validation dataset.
 Class  Predicted:0  Predicted: 1  Predicted: 2  Predicted: 3  Predicted: 4
 Actual: 0  2292  0  0  0  2618
 Actual: 1  4  0  0  0  12
 Actual: 2  3  0  0  0  11
 Actual: 3  11  0  0  0  19
 Actual: 4  15  0  0  0  61
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