Cost-Sensitive Deep Learning for Scania Component X: Minimising
Operational Cost via Asymmetric Threshold Optimisation

Abdelhakim Mraihi!, Valeriu Dimidov?, Raoof Doorshi', Reza Khoshkangini1

' Malmo University, Malmo, Sweden
hakimmraihil @ gmail.com, r.doorshi@gmail.com, reza.khoshkangini @mau.se
2 SnT, Interdisciplinary Centre for Security, Reliability and Trust, University of Luxembourg, Esch-sur-Alzette, Luxembourg
valeriu.dimidov@uni.lu

ABSTRACT

Maintenance decisions in industrial fleets must balance the
cost of unnecessary interventions against the higher cost of
missed failures. This paper presents a cost-sensitive deep
learning approach for the Scania Component X benchmark.
Rather than predicting the original five degradation classes di-
rectly, the problem is reformulated as a binary task that iden-
tifies whether a vehicle is healthy or at risk based on recent
operational data. The predicted risk score is then converted
into a maintenance decision through asymmetric threshold
optimisation under the official Scania 5x5 cost matrix. Three
temporal deep learning models—CNN, Transformer, and Tem-
poral Convolutional Networks—are evaluated under the same
cost-aware training and decision setting. Results on real data
from thousands of heavy-duty trucks show how cost-sensitive
learning affects the trade-off between failure avoidance, main-
tenance workload, and total operational cost.

1. INTRODUCTION

Heavy-duty vehicles are complex industrial systems operat-
ing under a wide range of configurations, environments, and
usage conditions. In such systems, component downtime may
originate from multiple sub-components that degrade or fail
for different reasons over time. The failure to anticipate com-
ponent breakdowns can lead to increased maintenance costs,
unplanned vehicle downtime, safety risks for customers, and
reduced service reliability, ultimately affecting customer sat-
isfaction and brand value. Consequently, the accurate and
timely prediction of component failures has become a cen-
tral objective in modern predictive maintenance strategies for
vehicle manufacturers.

Driven by this objective, much research has investigated fault
prediction, reliability analysis, and degradation modelling in
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the automotive and industrial domains. Early approaches re-
lied on statistical and stochastic degradation models to es-
timate failure risk and remaining useful life from historical
usage and failure data Ding and Fang (2017); Man and Zhou
(2018). With the increasing availability of sensors and op-
erational data, Machine Learning (ML) techniques have been
widely adopted to capture more complex and non-linear degra-
dation patterns. Comprehensive reviews confirm that classi-
cal ML and Deep Learning (DL) methods significantly im-
prove predictive performance across a wide range of machin-
ery fault diagnosis and prognostic applications Deldari, Loke,
and Zaslavsky (2023); Lei et al. (2020).

In the automotive domain, machine learning has also been ap-
plied to vehicle behaviour modelling and warranty claim pre-
diction using large-scale operational vehicle data Khoshkangini,
Mashhadi, Tegnered, and Rognvaldsson (2022); Khoshkangini,
Pashami, and Nowaczyk (2019).

More recently, DL models have shown strong potential for
Predictive Maintenance (PdM) by directly learning temporal
and multivariate representations from operational data. Con-
trary to statistical methods that rely on predefined distribu-
tions (e.g. Weibull) that may not reflect reality, DL cap-
tures complex non-linear patterns effectively Deldari et al.
(2023). Convolutional, recurrent, and attention-based archi-
tectures have been applied to component degradation mod-
elling, Remaining Useful Life (RUL) estimation, and failure
prediction in industrial systems Mashhadi et al. (2019). At
the same time, several studies highlight that predictive accu-
racy alone is insufficient for real-world deployment, as main-
tenance decisions are governed by strongly asymmetric busi-
ness costs Shah, Wilder, Perrault, and Tambe (2024). In the
industrial fleet operations, the cost of missing an imminent
failure typically exceeds the cost of unnecessary preventive
maintenance by a large margin, motivating the use of cost-
sensitive learning and decision-oriented evaluation frameworks
Chehade et al. (2022); Rengasamy, Jafari, and Rothwell (2020);
Zhang, Wang, and Li (2023).
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The release of the Scania Component X dataset Kharazian,
Lindgren, Magnusson, Steinert, and Andersson Reyna (2025)
provides a unique opportunity to study PAM under realistic
industrial conditions. The dataset contains real-world multi-
variate time-series data collected from thousands of heavy-
duty trucks and includes an asymmetric cost matrix explicitly
designed to reflect industrial maintenance priorities . Recent
studies have benchmarked classical machine learning, con-
textual models, and graph-based approaches on this dataset,
demonstrating that models achieving high accuracy do not

necessarily yield the lowest operational cost Carpentier, De Tem-

merman, and Verbeke (2024); Dintén, Zorrilla, Veloso, and
Gama (2025); Parton, Fois, Veglio, Metta, and Gregnanin
(2024); Yang and Igbal (2025). These findings reinforce the
importance of cost-aware and decision-driven evaluation pro-
tocols.

Despite these advances, there is still a limited understand-
ing of how modern temporal DL architectures behave when
trained and evaluated under a strictly business-driven frame-
work. In particular, few studies provide a systematic compar-
ison of Deep Neural Network (DNN)s while jointly analysing
cost efficiency, failure avoidance, and maintenance workload
under identical operational constraints. Recent work on risk-
aware decision-making further emphasises the need to ex-
plicitly optimize maintenance decisions rather than relying
on fixed classification thresholds Johnson and Khoshgoftaar
(2021); Xu and Zhang (2026).

In this work, we address these gaps by developing a cost-
sensitive maintenance decision approach aligned with Sca-
nia’s operational cost structure. We reformulate multi-stage
degradation into a binary operational decision, while preserv-
ing full compatibility with the official asymmetric evaluation
protocol. Multiple temporal DL architectures are evaluated
under identical conditions, and a statistical analysis is con-
ducted to compare their economic cost, failure avoidance, and
maintenance burden. By combining cost-sensitive modelling
with systematic statistical evaluation on real fleet data, this
study aims to support more reliable and economically mean-
ingful maintenance decisions in industrial vehicle operations.

This study is guided by the following research questions:

* RQI1: How do different temporal deep learning archi-
tectures behave under a cost-aware maintenance decision
setting?

* RQ2: How does cost-sensitive optimisation influence
failure avoidance and the resulting maintenance work-
load in real fleet operations?

col. Section 3 reports the experimental results and compares
the evaluated models under the Scania cost matrix. Section 4
discusses the main findings and their implications. Finally,
Section 5 concludes the manuscript and summarizes the main
contributions.

2. METHODOLOGY
2.1. Dataset

In our experiments, we used the Scania Component X dataset
provided by Kharazian et al. (2025) for the IDA 2024 Chal-
lenge. The dataset contains real-world multivariate time se-
ries collected from a fleet of 33,641 trucks. It is divided into
training (70%), validation (15%), and test (15%) partition as
detailed in Table 1, which provides the number of vehicles
and readouts for each segment.

Partition | Vehicles | Readouts
Train 23550 1122452

Validation | 5046 196227
Test 5045 198140

Table 1. Number of Vehicles and Time Series Observations
in the train, validation, and test partitions

The data includes operational readouts related to an anonymized
engine component (on-board data) as well as vehicle specifi-
cations and repair records (off-board data).

2.1.1. Vehicle Specifications

The vehicle specification data provide static information about
each truck in the fleet. These data are represented by eight
anonymized categorical attributes, denoted as Spec_0 to Spec_7.
Although the original meaning of the attributes is not dis-
closed, they encode relevant configuration characteristics of
the vehicles, such as possible differences in engine configu-
ration, drivetrain layout, or other structural properties. Each
variable assumes a finite set of textual categories, represented
in the dataset by values such as ”Cat0”, Cat1”, and so forth.

Feature | Cardinality
Spec_0 3
Spec_1 29
Spec_2 21
Spec_3 4
Spec_4 2
Spec_5 5
Spec_6 17
Spec_7 9

Table 2. Number of unique values for specification feature

* RQ3: Which modelling approach provides the most favourable

trade-off between operational cost and failure risk on real-
world fleet data?

The remainder of this manuscript is organized as follows.
Section 2 presents the methodology and experimental proto-

Table 2 reports the number of distinct categories observed for
each specification feature. These variables complement the
operational readouts by adding vehicle-level contextual in-
formation. From a predictive maintenance perspective, such
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static descriptors may be useful because trucks with different
configurations can experience different usage patterns, degra-
dation dynamics, and failure probabilities.

2.1.2. Operational Readouts

The operational readout data consist of multivariate temporal
measurements collected from the monitored vehicles. Over-
all, the readouts include 107 anonymized features associated
with the operation of Component X. These features can be
grouped into two main families: single-counter variables and
histogram-based variables.

The single-counter variables are cumulative measurements
that evolve over time. Since they represent accumulated quan-

tities, their values are generally expected to follow non-decreasing

trajectories.
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Figure 1. Comparison of Features 6660, 837_0, 100_0 be-
tween Vehicles 0 and 2

Figure 1 illustrates the behavior of selected counter features,
namely 666_0, 837_0, and 1000, for vehicles 0 and 2 over a
horizon of 300 time steps. The comparison highlights two im-
portant properties of the data. First, the counters are defined
on different numerical scales. Second, the vehicles are not
observed at regular intervals, resulting in irregular sampling
patterns. Moreover, the rate of increase can vary substantially
across vehicles, suggesting differences in usage intensity or
operating conditions. For instance, feature 666_0 shows an
approximately linear trend for both vehicles, but with differ-
ent slopes. By contrast, feature 837_0 exhibits a less regular
evolution, especially in the initial part of the series. In subplot
(c), the sequence for vehicle 0 terminates earlier, around time
step 200, due to missing values that affect the completeness
of the corresponding time series.

In addition to the single counters, the dataset contains six
groups of histogram-based features. Each group originates
from an underlying counter and is split into multiple bins,

where each bin summarizes the amount of operation performed

under a specific condition. As these quantities are also accu-
mulated over time, histogram-based features typically display
non-decreasing behavior as well.

Figure 2 summarizes the main characteristics of the opera-
tional readouts across the training, validation, and test parti-
tions. The three partitions show comparable distributions in

terms of observation window, number of readouts, and sam-
pling frequency. Nevertheless, the time series remain highly
heterogeneous: vehicles differ both in the number of available
observations and in the temporal distance between consecu-
tive readouts. This irregularity directly affects the amount
of information available for each vehicle and complicates the
modeling of the degradation process.

2.1.3. Time-to-Event

The time-to-event data describe the maintenance outcome as-
sociated with Component X. For each vehicle in the training
partition, the dataset specifies whether a repair of Component
X occurred during the observation period through the variable
in_study _repair. When such an event is observed, the variable
length_of_study_time_step indicates the time step at which the
repair took place.

This information is used to reconstruct the remaining useful
life of Component X for the training vehicles and, conse-
quently, to assign degradation labels to their operational read-
outs. However, the time-to-event file is not provided for the
validation and test partitions. For these partitions, the dataset
only includes the class label associated with the last available
operational readout of each vehicle. The procedure used to
derive class labels from the time-to-event information is de-
scribed in the following section.

2.2. Readings Classification and Failure Analysis

Class | RUL
0 > 48
1 [48,24)
2 24,12)
3 12,6)
4 [6,0)

Table 3. Class labeling logic

Operational readouts from trucks are categorized into five
classes based on RUL of the component, calculated as RUL =
failure_time — time_step. The class labeling follows the
scheme presented in Table 3. Readouts sampled when Com-
ponent X is healthy are labeled with class 0 and are associated
with a RUL > 48. When the degradation process begins,
readouts are labeled with {1, 2, 3, 4} according to the RUL
time windows of [48, 24), [24, 12), [12, 6), [6, 0), respec-
tively.

The labeling rules assume that once the degradation process
starts, it is irreversible and continues until the end of life of the
vehicle. As the trucks approach the failure event, the assigned
class reflects an increasing risk of failure. However, when the
historical data of a truck is right censored because the failure
event did not happen during the study, all the readings of the
vehicle are assigned to class 0. This follows the dataset setup,
where degradation is assumed to continue once it starts.
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Figure 2. Descriptive statistics of the dataset (training, validation and test)

The process of labeling readouts in relation to the end-of-
study and failure events is illustrated in Figure 3.
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Figure 3. Readout classification by time-to-event

Vehicles V1 and V2 experience failures within the study pe-
riod, so their readouts that occur within 48 time steps prior
to the failure event are labeled according to the rules 1-4 out-
lined in Table 3. In contrast, vehicle V3 operates without any
malfunctions throughout the study duration. Therefore, all
observations related to V3 are categorized as 0.

The fleet exhibits an imbalance between vehicles that required
repairs during the study period (faulty) and those that did not
(healthy).
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Figure 4. Distribution of Healthy vs. Faulty vehicles across
training, validation and test datasets

In Figure 4, we can see that only a small proportion of trucks
required repairs to component X. This imbalance is particu-
larly pronounced in the validation and test partitions, where
more than 97% of the vehicles are healthy. The distribution
of healthy and faulty vehicles is similar in these two parti-
tions, while the training set has a slightly higher proportion
of faulty vehicles (9.6%).

Ultimately, it is important to note that the time series are irreg-
ular, which means that the faulty measurements do not always
fall into the categories that capture the degradation process of
component X. For example, in Figure 3 no readout of class 2
is registered for V1 despite the vehicle experiencing a faulty
event.
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Figure 5. Distribution faulty classes across last readouts

As seen in Figure 5, the last readout of the training dataset
presents a strong bias towards the most severe degradation
category. In contrast, the validation and test datasets present
a more even distribution, potentially offering a more accurate
assessment of the model’s performance.

2.3. Problem Definition

We consider a fleet of n vehicles, denoted as V = {Vp, V71, ..
monitored using on-board sensors during their operational
lifetime. For each vehicle V;, the collected data form an irreg-
ular multivariate time series X; € RT:*M  where T} denotes
the number of recorded readouts and M the number of oper-
ational features.

Each readout is associated with a degradation label

* Vn—l},
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yr € {0,1,2,3,4}, defined according to the RUL of the mon-
itored component, following the official Scania Component X
labeling scheme. The five classes correspond to progressively
shorter time windows before failure, with class 0O indicating
healthy operation and class 4 representing imminent failure.

Operational Objective. Although the dataset is annotated
using a five-class degradation taxonomy, the practical mainte-
nance objective is binary: deciding whether a vehicle should
be flagged for preventive maintenance at the current time. In
industrial fleet operations, maintenance actions are discrete
and fail-safe, and the economic consequences of missed fail-
ures are substantially higher than those of unnecessary in-
spections.

Binary Risk Reformulation. To align learning with oper-
ational decision-making, we reformulate the problem as a bi-
nary failure-risk estimation task. All failure-prone degrada-
tion states {1,2, 3,4} are merged into a single Az-Risk cate-
gory, while class O is retained as Healthy. Each model there-
fore learns a probabilistic mapping

frisk : RTXM — [0, ].]

where p; = frisk(X;) represents the estimated probability that
vehicle V; is at risk of imminent component failure.

Fail-Safe Decision Mapping. At deployment time, proba-
bilistic outputs are converted into maintenance decisions us-
ing a threshold 6. To ensure full compatibility with the of-
ficial Component X evaluation protocol, binary predictions
are mapped back to the five-class label space using a fail-safe
rule:
o= =

0, p; <86.

This mapping preserves the asymmetric cost structure defined

by Scania, where false-negative errors incur substantially higher

penalties than false positives.

Evaluation Protocol. Model performance is evaluated ex-
clusively using the official asymmetric 5 X 5 cost matrix ap-
plied to the mapped predictions. This ensures that, although
learning is performed in a binary risk space, all reported re-
sults remain directly comparable to prior work on the Scania
Component X dataset and adhere strictly to the benchmark’s
fail-safe evaluation policy.

2.4. Workflow

Figure 6 provides a high-level overview of the proposed ar-
chitecture. Phase 1 prepares temporal vehicle data, Phase 2

Data Sources

Vehicle |
Specifications !

Preprocessing Temporal Sequence
Representation

Encoding & Scaling

Representation

Health State } |

Decisiof

' Temporal Learning Models (Alternative Architectures)
' CNN — Transformer —

Figure 6. Conceptual architecture of the prposed workflow.

performs cost-sensitive failure risk modelling using deep neu-
ral networks, and Phase 3 applies decision-theoretic thresh-
old optimisation and statistical analysis to derive business-
optimal maintenance decisions.

Predictive maintenance on the Scania Component X dataset
has previously been approached using contextual ML models,
survival analysis, and graph-based techniques Carpentier et
al. (2024); Parton et al. (2024); Yang and Igbal (2025). These
studies follow the official fail-safe evaluation protocol intro-
duced with the dataset Kharazian et al. (2025). The protocol
defines five degradation classes and employs an asymmetric
cost matrix designed to reflect Scania’s operational risk struc-
ture.

To ensure full comparability with prior work, we adopt the
same fail-safe evaluation strategy. At the same time, we intro-
duce a cost-aware learning and threshold optimization frame-
work that embeds business priorities directly into model train-
ing and deployment.

2.5. Sequence Construction and Feature Processing

Each vehicle is associated with an irregular sequence of mul-
tivariate operational readouts. For every vehicle, we extract
the last 30 time steps of available data, with shorter sequences
zero-padded at the beginning. Operational readouts are aug-
mented with eight categorical vehicle specifications, which
are label-encoded and appended to the temporal representa-
tion.

To reduce noise and ensure tractable modelling, we apply:
e Variance-based feature selection to retain the 64 most
informative operational variables,
¢ Median imputation for missing values,

* Standard scaling applied globally across the flattened
sequences.

Each training instance therefore corresponds to a fixed-size
(30 x 64) matrix representing the recent operational trajectory
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of a vehicle.

2.6. Cost-Aware Failure Risk Modelling

The Component X dataset defines a five-class degradation
taxonomy with an associated asymmetric cost structure de-
signed for maintenance decision evaluation Kharazian et al.
(2025), as presented in Equation 1. In this setting, missed
failures (False Negatives) incur substantially higher penalties
than unnecessary preventive maintenance actions (False Pos-
itives).

0 7 8 9 10
200 O 7 8 9
COSTsx5 = |300 200 O 7 8 €))
400 300 200 O 7

500 400 300 200 O

Nevertheless, we adopt a binary reformulation aligned with
industrial maintenance practice rather than training directly
on the full five-class cost structure. Specifically, we define a
mapping M such that:

0 if y; = 0 (Healthy)

2
1 ify; € {1,2,3,4} (At-Risk) @

M(y;) = {
This reformulation simplifies the learning process, stabilises
optimisation, and directly supports binary operational decision-

making (i.e., whether to inspect the vehicle or not) Dintén et
al. (2025).

Cost asymmetry is incorporated during training through a mod-
erated cost-sensitive loss, implemented as weighted binary
cross-entropy (WBCE) defined in Equation 3:

1
N

2

N
LwpcE = —

1

3)
where y; € {0,1} is the binary ground-truth label, p; is the
predicted probability of the vehicle belonging to the At-Risk
class, and the class weights are set to w; = 10 and wy = 1.
This weighting ratio reflects the high penalty of false neg-
atives while avoiding the numerical instability often associ-
ated with the dataset’s extreme 50:1 cost ratios. Each model
eventually outputs a probabilistic estimate p( At-Risk), which

serves as the basis for the threshold-driven decision process
described in the following section.

2.7. Decision-Theoretic Threshold Optimization

During deployment, predicted failure risks are converted into
binary maintenance decisions using an operating threshold 6.
A vehicle is recommended for preventive maintenance when

[w1 - y; log(pi) +wo - (1 — y;) log(1 — py)]

the predicted probability p(At-Risk) > 6. To remain com-
patible with the official Component X protocol, these binary
predictions are mapped back to the five-class space using a

fail-safe rule:
4, p; >0
/\i 9 _ b — ) 4
9:(0) {0’ b <0, (4)

Given the true labels y; € {0,...,4}, the fleet-wide opera-
tional cost is defined as:

N
) = Z COSTsx5 (y4,9:(0)) - &)
i=1

Because the total cost C'(f) only changes when 6 crosses a
predicted probability, the optimal threshold satisfies the fol-
lowing objective:

min

0* = ar
& 0e{p1,....Hn}

c(0). (6)

We approximate this search over § € [0.01, 0.50] with a step
size of 0.01. As established by the extreme cost asymmetry
of the dataset, the theoretical Bayes threshold is defined as:

10

— =~ 0.02. 7
10 4500 0.0 ™

eBayes =

This value indicates a strongly risk-averse operating regime.
In practice, however, the final operating threshold 6* is ob-
tained via post-hoc optimization on the validation set accord-
ing to Equation 6. To ensure the model remains aligned with
business objectives while maintaining training stability, model
selection employs early stopping based on the validation cost
(Eq. 5) calculated at a fixed reference threshold of 8 = 0.5.
This two-stage approach ensures that deployment is perfectly
aligned with the minimum achievable cost under the full 5 x 5
matrix.

2.8. Temporal Learning Architectures

The proposed solution is primarily based on a Transformer-
based temporal encoder designed to capture long-range de-
pendencies in multivariate operational sequences. To assess
its effectiveness, we compare it with two widely used tempo-
ral modelling architectures—Convolutional Neural Networks
(CNN) and Temporal Convolutional Networks (TCN)—which
serve as baseline models under the same training and evalua-
tion protocol. A detailed schematic of the model architectures
and their shared cost-aware training and decision logic is pro-
vided in Fig. 6.

Convolutional Neural Network: The Convolutional Neu-
ral Network (CNN) processes (30x64) operational sequences
through three 1D convolutional blocks with channel depths
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of 64, 128, and 256. Each block consists of convolution,
batch normalisation, ReLU activation, max-pooling, and a
dropout. Adaptive global average pooling compresses the
temporal dimension into a fixed-size representation, which is
passed to a two-layer fully connected classifier producing bi-
nary Healthy/At-Risk logics. With approximately 170k train-
able parameters, the CNN serves as a lightweight and com-
putationally efficient baseline.

Transformer-Based Temporal Encoder: The Transformer
architecture projects each time step into a 128-dimensional
latent space and augments the sequence with learned posi-
tional encodings to preserve temporal order. A stack of three
Transformer encoder layers, each comprising multi-head self-
attention, feed-forward sublayers, residual connections, and
layer normalization, captures long-range temporal dependen-
cies and cross-sensor interactions. Global average pooling
aggregates the contextualized sequence into a single embed-
ding, followed by a two-layer classifier that outputs binary
Healthy/At-Risk logits.

Temporal Convolutional Network: The Temporal Convo-

lutional Network (TCN) employs three residual temporal blocks

with dilated causal convolutions (dilations 1, 2, and 4), en-
abling an exponentially expanding receptive field over the
30-step input horizon. Each block combines dilated convo-
lutions, batch normalization, ReLLU activation, dropout, and
residual connections to stabilize training. Adaptive average
pooling collapses the temporal dimension, and a two-layer
classifier produces binary outputs. This architecture provides
a compromise between long-range temporal modelling ca-
pacity and computational efficiency.

Across all architectures, models are trained with the same
cost-sensitive objective and feed into the shared threshold op-

timization and fail-safe evaluation procedure illustrated in Fig. 6.

2.9. Training Configuration and Evaluation Protocol

All models are trained using the same optimisation setup:
AdamW with learning rate 1 x 10~%, batch size 32, gradi-
ent clipping with maximum norm 1.0, and weighted cross-
entropy loss. Early stopping is applied based on validation-
set operational cost.

Evaluation strictly follows the official Component X fail-safe
protocol. The primary metric is total fleet-level operational
cost. Secondary diagnostics include false-negative and false-
positive counts, balanced accuracy, and maintenance rate. This
unified protocol ensures strict comparability across architec-
tures and with all published Component X benchmarks.

2.10. Evaluation Protocol and Metrics

All models are evaluated using the official fail-safe protocol
defined for the Scania Component X dataset Kharazian et al.
(2025). Model outputs are binary risk predictions indicating
whether a vehicle snapshot is classified as az-risk or healthy.
These predictions are subsequently mapped to class 4 (at-
risk) or class O (healthy) before applying the full asymmetric
5 X 5 cost matrix.

Model thresholds are selected by minimizing total validation-
set operational cost under the asymmetric cost matrix. Early
stopping is also governed by validation cost rather than train-
ing loss to ensure alignment with business objectives.

Operational performance is primarily assessed using total cost
and average cost per vehicle. To provide deeper insight into
model behaviour, several complementary diagnostic metrics
are reported. Failure prevention capability is quantified using
the False Negative Rate (FNR) as shown in Equation 8:

FN

FNR = N7 7

®)
where FN and TP denote false negatives and true positives,
respectively.

Maintenance workload is measured using the Maintenance
Rate, defined as the proportion of vehicles flagged for pre-
ventive maintenance. To relate this workload to the under-
lying failure prevalence, we compute the Maintenance Lift
Index defined in Equation 9:

Maintenance Rate

Lift = .
it True Failure Rate ©)

Economic efficiency is further analysed using the Cost per
True Positive (Cost/TP), defined in Equation 10, which re-
flects the average operational cost incurred for each correctly
identified failure:

Total Operational Cost

st/ TP =
Cost/ TP

(10)

Finally, relative cost reduction is reported with respect to two
benchmark strategies—predicting all vehicles as healthy and
predicting all as at-risk— as recommended in prior Compo-
nent X studies Kharazian et al. (2025).

3. RESULTS

Table 4 presents a comprehensive comparison of the evalu-
ated temporal deep learning architectures under the asym-
metric 5 x 5 fail-safe evaluation policy of the Scania Com-
ponent X benchmark. The results demonstrate that optimisa-
tion under a business-driven cost structure leads to markedly
different operational behaviours than accuracy-oriented eval-
uation.
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Table 4. Comparison of cost-optimised deep learning models under the 5 x 5 fail-safe evaluation policy on the Scania Compo-

nent X test set.

Model Total Cost Avg. Cost/Vehicle FN  FP TP TN  Maintenance Rate
CNN (cost-optimised) 44,798 9.01 51 2,378 91 2,448 49.7%
Transformer (cost-optimised) 40,195 8.09 19 3255 123 1,571 68.0%
TCN (cost-optimised) 48,260 9.71 0 4826 142 0 100.0%
Among the three architectures, the Transformer achieves the
lowest total operational cost (40,195), corresponding to an av- ”
erage cost of 8.09 per vehicle, outperforming both the CNN
(9.01) and the TCN (9.71). This confirms that economic op- w0
timality does not necessarily coincide with maximal safety or
minimal maintenance intervention rates. 2
X Figure 9. False negatives across the evaluated models.
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Figure 7. Training loss per epoch for CNN, Transformer, and
TCN.
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Figure 8. Validation cost per epoch under the 5 x 5 cost ma-
trix.

The training and validation dynamics of the models are il-
lustrated in Figures 7 and 8. While all architectures exhibit
stable convergence during training, the Transformer reaches
lower validation cost earlier and maintains a narrower vari-
ance across epochs. This behaviour indicates that self-attention
mechanisms are particularly effective at aligning temporal
representations with economically relevant degradation pat-
terns, rather than simply minimizing classification loss. In
contrast, the TCN exhibits pronounced volatility in validation

cost, despite smooth training loss curves, reflecting increased
sensitivity to the asymmetric penalty structure of the evalua-
tion matrix.

Failure-risk behaviour is further analyzed through the false
negative counts shown in Figure 9. The TCN completely
eliminates false negatives, achieving perfect failure avoid-
ance. However, this behaviour is achieved by recommending
maintenance for the entire fleet, resulting in a 100% mainte-
nance rate (Table 4). The Transformer substantially reduces
the number of missed failures compared to the CNN (19 vs. 51),
while avoiding the extreme over-maintenance observed for
the TCN. This intermediate positioning is particularly im-
portant in industrial settings, where eliminating all failures is
often economically infeasible due to excessive maintenance
workload.

Taken together, Figure 10 reveal how the three architectures
navigate the trade-off between failure prevention and oper-
ational burden under the asymmetric 5x5 cost matrix. As
shown in Figure 10c, the TCN achieves perfect failure avoid-
ance (100%), completely eliminating false negatives, whereas
the Transformer and CNN reach 86.6% and 64.1%, respec-
tively. However, this safety guarantee comes at a substan-
tial cost: Figure 10a shows that the TCN flags the entire
fleet for preventive maintenance, resulting in a 100% main-
tenance rate, which in turn produces the highest maintenance
lift of 35.0x relative to the true failure rate (Figure 10b).
In contrast, the Transformer occupies a more balanced op-
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Figure 11. Economic impact of model choice under the 5 x 5 cost matrix.

erating regime, combining strong failure avoidance (86.6%)

with a lower—though still conservative—maintenance rate of

68.0%, corresponding to a lift of 23.8 x. The CNN lies at

the opposite end of the spectrum, issuing the fewest mainte-

nance actions (49.7%) but incurring the weakest failure pro-

tection, as reflected by its elevated false negative rate. These

combined observations indicate that while aggressive main-

tenance policies guarantee safety, they may impose dispro-

portionate operational workloads, whereas the Transformer

achieves the most favourable compromise between failure pre-
vention and maintenance intensity under Scania’s cost assump-
tions.

Economic outcomes of these behaviours are consolidated in
Figure 11. As shown in Figure 11a, the Transformer achieves
the lowest total operational cost on the test set, despite not
achieving perfect failure avoidance. Relative to the all-healthy
baseline, the Transformer delivers the largest cost reduction
(28.3%; Figure 11b), compared to 20.2% for the CNN and
only 14.0% for the TCN. Moreover, Figure 11c shows that the
Transformer minimizes the cost per true maintenance action
(328), demonstrating superior economic efficiency in con-
verting maintenance interventions into prevented failures.

The qualitative trade-offs summarized in Table 5 further con-
textualize these quantitative findings. While the TCN pro-

vides maximal safety guarantees, its computational burden
and excessive maintenance aggressiveness limit its practical-
ity for large-scale fleet deployment. The CNN offers a com-
putationally efficient and stable baseline but fails to suffi-
ciently control failure risk under the given cost structure. The
Transformer consistently emerges as the most balanced solu-
tion, offering strong failure-risk control, favourable economic
efficiency, and robust generalization.

Table 5. Qualitative trade-offs for industrial deployment.

Criterion CNN Transformer TCN
Economic Efficiency Moderate High Low
Failure-Risk Control Moderate Strong Perfect
Maintenance Aggressiveness  Balanced Conservative Over-
maintaining
Computational Load Low Moderate Highest
Interpretability Moderate High Limited
Operational Robustness Stable Strong Sensitive
Overall Assessment Baseline Best Safe  but
trade-off heavy

Finally, Table 6 places the proposed models within the Com-
ponent X literature. The achieved average cost per vehicle is
competitive with previously reported classical machine learn-
ing, survival analysis, and graph-based approaches, even with-
out contextual feature engineering or model-specific heuris-
tics.



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

Table 6. Average cost per vehicle compared with published
Component X baselines.

Model Avg. Cost/Vehicle Reference
Transformer 8.09 This study
TCN 9.71 This study
CNN 9.01 This study
Contextual XGBoost 8.2-9.5 Carpentier et al.
Survival models 9-11 Carpentier et al.
Classical ML (best) 8.3-10.2 Yang and Igbal
GNN models 9-12 Parton et al.

4. DISCUSSION

The experimental results show how temporal deep learning
models behave under the asymmetric cost structure of the
Scania Component X benchmark. Because missed failures
are much more costly than unnecessary maintenance actions,
the models tend to operate in risk-averse settings Kharazian
et al. (2025).

For RQ1, the models show clear differences in behaviour.
The TCN removes all false negatives, but only by recom-
mending maintenance for the entire fleet. The CNN recom-
mends fewer maintenance actions but misses more failures.
The Transformer offers a more balanced behaviour by reduc-
ing missed failures without the extreme maintenance work-
load of the TCN.

For RQ2, the results show that cost-sensitive optimisation di-
rectly affects model decisions. Since false negatives are pe-
nalised much more heavily than false positives, the models
favour failure detection even when this increases preventive
maintenance actions.

For RQ3, the Transformer provides the best balance between
operational cost, failure avoidance, and maintenance work-
load. While the TCN maximises safety and the CNN reduces
maintenance actions, the Transformer achieves the lowest to-
tal operational cost while keeping a more practical operating
regime.

5. CONCLUSION

This study presented a cost-sensitive deep learning approach
for maintenance decision-making on the Scania Component
X dataset. By reformulating the degradation prediction task
into a binary risk estimation problem while remaining com-
patible with the official asymmetric cost matrix, the proposed
approach aligns model training and evaluation with real in-
dustrial maintenance objectives.

The experimental results demonstrate that cost-sensitive mod-
elling enables data-driven systems to support economically
meaningful maintenance decisions in large industrial fleets.
In particular, the evaluated temporal architectures show that
balancing failure prevention and maintenance workload is es-
sential for minimizing total operational cost.

Future work will explore adaptive decision thresholds, richer
temporal representations, and the integration of predictive mod-
els with prescriptive maintenance planning strategies.
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