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ABSTRACT

This paper proposes a deep transfer learning approach for de-
tecting brake fluid leakage in gondola wagons using acoustic
signals. Gondola wagons, also known as railroad gondolas,
gondola cars, and open wagons are typically used for transport-
ing dry cargo and rely on pneumatic brake systems that depend
on compressed air components for effective braking. The study
investigates three transfer-learning strategies—From-Scratch,
Partial Fine-Tuning, and Full Fine-Tuning—to identify com-
pressed air leakage based on sound emissions, mirroring the
process performed by human wagon inspection professionals.
Training data consists of waveform audio signals captured dur-
ing real railcar inspections. In the proposed model, each audio
file is processed in the time-frequency domain to obtain a mel-
spectrogram, which is then used as input to pre-trained deep
convolutional neural networks. Results demonstrate strong
performance, achieving accuracy above 94%. The main sci-
entific contribution lies in applying established deep learning
techniques to a specific and underexplored industrial railway
context, together with the development and validation of a
real-world dataset collected under authentic operating condi-
tions. These findings demonstrate the feasibility and practical
effectiveness of the proposed approach for pneumatic brake
leakage detection in operational environments.

1. INTRODUCTION

The railway ecosystem supports the activities of an important
way of transport for many countries. According to (Pfaff,
Enning, & Sutter, 2024), rail freight is by far the most en-
ergy efficient means of transportation. In 2022, railway trans-
portation was responsible for 91% of the iron ore exported
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by Brazil (ANTF, Associacdo Nacional dos Transportadores
Ferroviarios, 2023). In order to supply the demand, from
1997 to 2022, the total number of wagons has increased, ac-
cording to (ANTF, Associa¢do Nacional dos Transportadores
Ferroviarios, 2023), from 46.816 to 112.640. As the number of
these assets increases, the need for inspection grows. However,
the manual process of wagon inspections has not yet reached
the quality and efficiency consistent with the high-risk context
inherent to wagon operational failures. In addition, it is an
expensive and time-consuming activity (Hashmi et al., 2022).

One of the components that demands attention during the
wagons inspection is the brake system. When transporting iron
ore, the adequate wagon model to be used is the gondola type
(Academic Accelerator, n.d.), which is usually sold in pairs,
sharing the braking system. The gondola wagons brake system
inspection includes, among other activities, the verification of
fluid leakage. For this paper, the methods, data and results
refer specifically to gondola wagons which use air as the brake
fluid.

Figure 1 represents a wagons yard, belonging to Vale S.A.,
a Brazilian mining company. The train composition arrives
carrying iron ore in gondola wagons, the wagons are split in
batches (between 82 and 86 wagons) to be inspected.

Each of those rail vehicles accommodates around 110 tons as
payload, which increases the risk of the issues resulting from
an accident. Therefore, careful inspections are required in or-
der to protect the communities, employees and the company’s
public image.

However, the inspection process is largely dependent on hu-
man actions. Human inspectors walk by each side of the
wagon batches, at an approximate distance of 1 meter, with
special attention on hearing, with the aim of listening for air
leakage. This activity is performed in pairs, for the safety
of both inspectors and to reduce the amount of walking per
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Figure 1. Open rail vehicle, gondola wagon.

person.

As it is always necessary to have 2 inspectors, in the eventual-
ity of crew member absence, the activity is suspended. Since
the inspection mainly uses the inspectors’ hearing, it can be
suspended depending on the weather, for instance, rainy days.
Detecting brake fluid leaks relies heavily on auditory acuity,
as small leaks are often difficult to perceive and therefore
demand heightened attention, frequently leading to precau-
tionary retention of the railcar. In contrast, larger leaks are
typically identifiable from a distance because the pressurized
air escaping from the compartment produces a clearly audible
sound. Lastly, the adjacent rail lines must be blocked, to guar-
antee the inspectors safety and provide a better environment
for hearing, which may impact the company productivity. The
blocking of adjacent rail lines aims to mitigate the risk of
workers being struck by railcars pushed along adjacent tracks,
which is addressed by blocking neighboring lines on each side
of the track under inspection; this most often results in two
additional lines being blocked for each inspection line for a
total of 3 lines being restricted from service.

This work presents a possible solution for eliminating the
exposure of people to risk, by having a classification model as
auxiliary tool during wagons brake fluid leakage inspections.
By eliminating the need for human inspectors, there will be
no suspensions due to staff shortages. Suspensions can also
be reduced due to limiting conditions such as rain. Finally,
there is no need to interrupt the other lines as there are no
longer any threats to the safety of inspectors. Moreover, the
proposed solution will contribute to increased confidence in
the inspection of wagons components, reducing the risk of
future unwanted events.

The proposal consists of capturing and processing audio files
in the time-frequency domain to obtain the mel-spectrogram.
The images generated upon this process serve as data input to

pre-trained deep convolutional neural networks. Some early
results were shared in a preliminary study by (Reis & Varejao,
2023). Since then, several improvements on the signal capture
equipment, number of samples collected and in the classifi-
cation model were implemented. The current results show
that the classification models perform well, achieving 94% of
accuracy, proving its ability to identify sounds of air leakage
on gondola wagons brake system. Experiments also show that
the proposed model performance is higher than shallow ma-
chine learning methods applied on statistical features directly
extracted from the audio signal and also the deep learning
models without imported pre-trained weights.

Therefore, the main contributions of this work are:

* the presentation of the problem of detecting brake fluid
leaks in gondola-type wagons;

* the development of a transfer learning method for au-
tomatically detecting brake fluid leakage based on the
analysis of audio signals;

¢ apublic dataset of audio signals used in the experiments;

e apublic open source experimental framework for perform-
ing brake fluid leakage detection on this audio dataset and

* an intelligent fault diagnosis method benchmark and cor-
responding results for the comparison of future works.

* the novel application of deep transfer learning to a lim-
itedly explored industrial railway inspection context for
brake fluid leakage detection.

The rest of this paper is organized as follows. Background
knowledge and related works are presented in Section 2, the
method proposal is described in Section 3, followed by Sec-
tion 4 that provides the experimental methodology. Section
5 presents the results and provides analysis and discussions.
Finally, the conclusion and future works are given in Section
6.

2. RELATED WORK

This section describes and overviews related work on fault
detection in railway systems, on the use of acoustic signals
for fault detection and on the application of transfer learning
techniques in training deep models.

2.1. Railway Ecosystem Fault Detection

In the context of railway ecosystem, some studies address
failures in the context of railroads in general, while few fo-
cus on the identification of fluid leakage in wagon brakes.
The work of (Sakellariou, Petsounis, & Fassois, 2014) studied
detecting and diagnosing failures in railway vehicle suspen-
sions based on vibration signals. The data used was obtained
from a simplified physics-based model of a railway vehicle
suspension, used for vehicle simulation. (Ribeiro, Pereira, &
Gama, 2016) employed a failure detection system to predict
train door breakdowns. Their data was collected by sensors
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installed in the doors of a Class 156 train. (Wang, Lu, Wei,
& Zhang, 2019) proposed a method for bearing fault diagno-
sis based on frequency-domain energy feature reconstruction
and composite multiscale permutation entropy. (Cheng et al.,
2019) published a study on the running gears of high-speed
trains, proposing a fault diagnosis method based on a semi-
quantitative information model. In the context of metro trains,
(Xu & Yao, 2023) studied a fault identification method for
the wheelset, proposing a combination of algorithms with vi-
bration signals as data. (Kulkarni, Qazizadeh, & Berg, 2023)
presented a framework to detect rail vehicle running instability,
using data gathered from sensors which serves as input for
comparing anomaly detection algorithms.

Regarding the train brake system, (M. Zhang, Liu, & Dang,
2021) presented a fault diagnosis method based on multi-
dimension feature fusion and Gradient Boost Decision Tree
(GBTD) enhanced classification. (Liu et al., 2020) studied the
health state monitoring of solenoid valves in high-speed trains,
as a component of the braking system and essential factor for
the safe operation of trains. The data was collected using a
train brake system experimental platform, and a probabilistic
neural network was applied to estimate the health status of
the system. A fault diagnosis method based on multi-sensor
fusion for a single fault and composite fault on train braking
system was proposed by (Jin et al., 2021). (Hu, Zhang, Meng,
& Kang, 2022) studied the health monitoring of high-speed
train break pads, by using the vibration signal and proposing a
deep subdomain generalization network to identify unhealthy
pads.

Specifically related to the leakage of air brake systems in wag-
ons, (D. Zhou, Ji, He, & Shang, 2018) presented results on the
detection and isolation on the brake cylinder component, such
as faults on the sensor itself, performance degradation and gas
leakage. (Zuo, Ding, & Feng, 2019) diagnosed latent leakage
faults of pneumatic units based on data generated from a fault
simulation test platform. Statistical methods were applied to
optimize the sample size selection, and the Support Vector
Machine (SVM) algorithm was used for fault classification.
(Xiong, Liu, & Niu, 2021) simulated leakage and stuck faults
of the braking system electromagnetic valves, establishing a
mathematical model and concluding that leakage fault could
be diagnosed using the time-domain analysis of the pressure
signal on the mathematical model built. (Zanelli et al., 2022)
presented a framework for implementing real-time wireless
sensor monitoring of pressure variation inside the braking
system of a freight wagon. For optimizing the monitoring of
vibrations on dynamometric test rigs for railway brakes, (Pugi,
Rosano, Viviani, Cabrucci, & Bocciolini, 2023) proposed to
apply simple finite element models to monitor vibration lev-
els and rotor-dynamical behaviour by using accelerometers to
measure the vibrations of bearing. (Ge, Chen, Ling, Zhai, &
Wang, 2023) proposed an approach to realize modeling and
solving the air brake system based on fluid dynamics theory,

with a simulation model development for locomotives and
another for wagons.

To the best of our knowledge no work has ever used acoustic
signals to detect brake fluid leakage in any type of wagons.

2.2. Acoustic Signal Fault Detection

Acoustic signal classification is a wide area of research ranging
from speech recognition to song identification. This subsec-
tion aims to review works that used acoustic signals for fault
detection or sound classification. Particular emphasis is given
to studies that used the melspectrogram, an acoustic signal
processing technique.

The sound emission of a gear-set is used to evaluate a fault
diagnose technique proposed by (Wu & Chan, 2009), applying
continuous wavelet transform combined with energy spectrum
feature selection. Their experiments were performed on a
test platform, with a condenser microphone located beside
the gear-set platform to measure the sound emission signal.
The authors presented a neural network model with 98% ac-
curacy in recognizing faults. Sound signal analysis was pre-
sented as an approach to detect and localize porosity in gas
pipelines steel by (Yusof, Kamaruzaman, Ishak, & Ghazali,
2017). Sound capturing was performed, during a welding
process, by a microphone with bandwidth of 20 to 10,000
Hz, attached to the welding torch to ensure the distance as a
constant. (Sangeetha & Hemamalini, 2017) presented a study
to monitor the condition of induction machines by predicting
the torque from acoustic signals. The sound was acquired
by a microphone placed 1 cm away from the machine, and
analyzed using a dyadic wavelet transform, which served as
input for a Pseudo spectrum Multiple Signal Classification al-
gorithm. (Yao et al., 2018) proposed a deep learning gear fault
diagnosis based on sound signal analysis, getting the audio
files generated by acoustic sensors installed around the gears
and applying Fourier transform to each sample before using
them as data set for a Convolutional Neural Network (CNN).
Environmental Sound Classification (ESC) has been the ob-
ject of the study published by (Y. Chen, Guo, Liang, Wang, &
Qian, 2019), who applied dilated convolutional neural network
to classify urban sounds. (Ye, Zhang, & Liang, 2020) used
acoustic signals, by capturing the sound of the train wheels
during the uncoupling process on the hump platform. Accord-
ing to their study, the sound from the wheels becomes different
when the brake is not released, which was the input data set
for a hybrid algorithm framework proposed by the authors.
For diagnosing faults in worn gearboxes, (Karabacak, Ozmen,
& Giimiisel, 2022) combined data from vibration, sound and
thermal image information to be used as input for Adversarial
Neural Network (ANN) and SVM algorithms. The micro-
phone used to capture the sound was placed 100 mm from
the gearboxes, and the samples were transformed by applying
FFT. Acoustic signal processing is classified as data analysis
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in time-domain, and waveform analysis in frequency and time-
frequency domain, as noted by (Sangeetha & Hemamalini,
2017). According to (Giorgi, Levy, & Apple, 2022), the mel-
spectrogram is a low-resolution time-frequency representation
derived from the power spectrogram. Additionally, (Umesh,
Cohen, & Nelson, 1999) states that the Mel scale is a funda-
mental result of psychoacoustics, relating real frequency with
perceived frequency, which is the frequency the human ear can
recognize or perceive. (Luz, Oliveira, Aradjo, & Magalhaes,
2021) applied mel-spectrograms as time-frequency represen-
tations to provide data to a CNN model aiming to classify
urban sounds. After the signal partition, it was computed the
Discrete Fourier over the overlapping windows and employed
Librosa (McFee et al., 2015) to generate the mel-spectrograms.
(Q. Zhou et al., 2021) used the audio signal as input for a
cough classification model. They audio-segmented the file,
extracted the features applying mel-spectrogram, normalized
the results and finally, used them as dataset for a CNN-based
model. (Ustubioglu, Ustubioglu, & Ulutas, 2023) utilized
Short-Time Fourier Transform (STFT) to create the spectro-
gram of the speech signal, previously split in 30 ms frames
and each multiplied by the Hamming window, targeting to
detect audio copy-move forgery. The spectrum of the sound,
represented as an image, was used in the work of (Tagawa,
Maskeliiinas, & Damasevicius, 2021), where each segment of
waveform sound data is processed in FFT and then applied the
mel-spectrogram. The images are used for anomaly detection
of mechanical failures.

2.3. Transfer Learning

Transfer learning is the reuse of a pre-trained model on a new
problem. This technique is popular in deep learning because
it can train deep neural networks with less data. As most
real-world problems typically do not have millions of labelled
data, this technique becomes useful for training such complex
models.

(Rodrigues, Jutten, & Congedo, 2023) presented a Trans-
fer Learning approach to handle the statistical variability of
eletroencephalographic (EEG) signals recorded on different
sessions and/or different subjects. The Transfer Learning con-
tribution was based on geometrical transformations, such as
translation, rotation and scaling. A clustering-guided balanced
domain adaptation transfer learning is proposed by (T. Zhang,
Peng, Tang, Yan, & Deng, 2023) to solve the difference in
the labelling method and the noise for simulation domain and
measurement datasets in the context of robots error prediction.

According to (Z. Chen et al., 2023), Deep Transfer Learning
(DTL) leverages knowledge or extensive data sets from related
domains to enhance the prediction accuracy and generaliza-
tion performance of models by transferring the information to
similar target tasks. (Padha & Sahoo, 2023) employed transfer
learning to improve the ability of Quantum Long Short-Term

Memory (LSTM) model further, due to the presence of small
labelled data set. In a similar direction (Ma et al., 2024) high-
lighted that DTL has emerged as a powerful technique and
offers a promising solution for Thermal EM with scarce la-
belled samples. In the context of in-vehicle intrusion detection
system, (Hoang & Kim, 2022) also made use of transfer learn-
ing technique to improve the performance of a limited-size
data set and over-fitting issues avoidance.

No studies were found that directly address acoustic emission
sensors for detecting air leaks in railway braking systems.
However, this may be a potential avenue for future research.

3. LEAKAGE DETECTION BASED ON TRANSFER LEARN-
ING

Due to the limiting conditions of capturing brake fluid leakage
recordings described in Section 1, this study counts on a small
set of audio file samples. To address this situation the present
study employs transfer learning. Pre-trained networks were
executed with both importing and not importing weights.

Sample sufficiency was determined empirically when trans-
fer learning—based models began to exhibit consistent results,
evidenced by reduced variability in performance metrics and
increased stability during training. These indicators suggested
that the available dataset provided adequate support for model
generalization, therefore deemed the sample size to be suffi-
cient based on the observed stability and reproducibility of the
results.

A pre-trained model refers to a saved network that has been
previously trained on a substantial dataset, often in the con-
text of a large-scale image-classification task. Users have the
option to either directly utilize the pre-trained model as it is
or tailor it to a specific task by customizing its architecture or
parameters.

This work proposes a method for identifying fluid leakage in
gondola wagon brakes using deep transfer learning, leveraging
images derived from transformed acoustic signals as the input
dataset. The process involves capturing acoustic sound signals
during routine inspections of wagon brake systems in wave-
form audio file format and subsequently transforming them
into 2D images. This approach, previously applied in fault
detection domains, such as monitoring the health of milling
cutter tools by transforming vibration data into spectrograms
(Patil, Pardeshi, & Patange, 2023), is adopted in this study.
Since the primary emphasis is on identifying leakage sounds
discernible to the human ear, instead of using the conventional
spectrogram, this work utilizes the Mel scale spectrogram to
produce 2D image representations for the acoustic signals.

The subsequent subsections outline the overarching process
proposed in this work and provide a succinct overview of key
aspects related to the melspectrogram and transfer learning
techniques.
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3.1. Overview of the Transfer Learning Approach

Figure 2 illustrates the workflow used in this work. It ini-
tiates in the wagons yard with the process of sampling the
wagon brake system during inspections, capturing waveform
audio files. Utilizing acoustic signals for data analysis enables
the exploration of time-frequency domain characteristics in
the sound recordings, facilitating pattern recognition in leak-
age samples. The audio capturing process yields a dataset
of waveform files, recorded in the WAV format. Waveforms
offer a direct representation of the amplitude variations of an
audio signal over time. This amplitude-time depiction encap-
sulates essential information regarding the sound’s intensity
and duration.

‘Audio capturing ‘Audio files grouping

WAV files Grouped wav

I )
J o
v

Pre-trained neural

network

i IR A

i

Figure 2. Method overview. The squares represent processes
and the circles represent data generated by the processes. After
capturing the sounds, files are segmented and transformed to
2D images. The images are used for training or fine-tuning
the neural networks.

IMAGE

The next workflow process segregates the samples into groups
to avoid the similarity bias (Rauber, Loca, Boldt, Rodrigues, &
Varejao, 2021) that occurs when multiple patterns are extracted
from a single signal acquisition, resulting in patterns that
are very similar in both training and testing datasets. The
proper separation of samples in different groups ensure that
the training data used for model development is significantly
different from the samples used for testing the model.

The outcome of the grouping process is a balanced dataset for
each group. The balancing process was conducted based on
sample classes, ensuring an equal number of recordings were
collected for both normal and failure classes.

The subsequent step involves audio processing, which in-
cludes segmenting the WAV files into multiple smaller sam-
ples, thereby creating a larger dataset. Each audio segment
has a fixed duration, set to 1 second for this study. This time
interval size was empirically checked and shown sufficient for
the method proposed in this work. The segmentation enhances
feature extraction and allows for the individual treatment of
segments based on their spectral characteristics. Importantly,
each sample segment remains within the same dataset anal-
ysis group, whether it is for training, testing, or validation

purposes. Indeed, each group becomes a fold further used to
cross-validation experiments.

The next workflow process consists of converting the acoustic
signals to images. Acoustic signals can be effectively rep-
resented as images by transforming them into spectrograms.
Considering that the brake system leakage in gondola wag-
ons are detected by the sound listened by human inspectors,
this work transforms the waveform files to Mel-spectrograms,
which are spectrograms created in the Mel scale. This allows
for representing the sound in a way closer to what the human
auditory system recognizes.

The final processing step of the workflow uses the Mel-
spectrogram images to train CNNs from the scratch or fine
tune pre-trained deep neural networks provenient from the
ImageNet (Deng et al., 2009) dataset to the task of detection
of brake system leakage in gondola wagons. The fine-tuning
process allows the network to adapt its learned features to
the specific characteristics of the Mel-spectrogram dataset,
optimizing its performance for the task at hand. This work
experimented with four architectures of pre-trained CNNs.
They were used both for training from the scratch and for
fine-tuning pre-trained networks.

The next two subsections present in more details the audio
signal to image transformation using Mel-spectrograms and
the training/fine tuning of deep neural networks employed in
this work.

3.2. Mel-spectrograms

According to (S. Chen, 2022), a spectrogram is a representa-
tion that displays signal strength over time at various frequen-
cies. It can be visualized in two-dimensional graphs with the
color as the third variable, indicating the power of an ampli-
tude at a particular time through color intensity or brightness.
Essentially, a spectrogram provides a visual representation of
a sound’s frequency spectrum as a function of time (S. Chen,
2022).

At a high-level, spectrograms are obtained by splitting the orig-
inal signal into overlapping short-time frames of equal length.
For each resulting frame, a window function, specifically the
Blackmann-Harris function in this work, is applied to control
spectral leakage to adjacent lobes. Fourier transform is then
applied to each short-frame, revealing the Fourier spectrum for
those short-frames. The Short-Time Fourier Transform was
chosen for this study due to its ability to uncover details and
patterns by breaking the signal and analyzing its frequency
individually, which might be lost with traditional Fourier trans-
form.

Mathematically, for a given signal x(t), the complex signal
for the frequency band k, in the time t, can be represented as
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follows:
X (ed™r) Zx w(t —n)e I Mg =0,1,..,n—1
(1)
where
wy = (27k)/n 2)

is the frequency in radians, n is the number of frequency bands,
m represents the discrete time index for the signal x, j is the
imaginary unit and w(m) is the selected window function.

The power spectrum density is obtained by squaring the mag-
nitude of the frequency spectrum for each frame. The spectro-
gram is then created by transfering the power into the decibel
scale, commonly used to measure sound intensity. Figure 3
provides a representation of a simple spectrogram, depicting
an acoustic signal of air brake leakage captured during the
data collection process for this study.

The mel-spectrogram is a conversion of the frequency (Hz)
into Mel scale by applying Mel filter banks to the spectrogram.
This is performed to represent the sound in a way closer to
what the human auditory system can recognize. The Mel filter
bank outputs a frequency-domain, decomposing an audio sig-
nal into separate frequency bands in the Mel frequency scale,
which mimics the non-linear human perception of sound.

The mel-spectrogram can be mathematically represented as the
log-scaled energy of short-time spectral components projected
onto a mel-spaced filter bank. Starting from an audio signal
x[n], its short-time Fourier transform X (m, k) is computed,
the power spectrum is obtained as | X (m, k)|2, and each time
frame is mapped to mel bands through triangular filters M. (k).
The resulting representation is

Z\kaF (k) 3)

melmr

and logarithmic compression gives
Smer(m, ) = 10g (Smet(m,7) + €) 4
where mel filter centers are defined from

mel(f) = 25951og,(1 + f/700) 3)

The same fragment of sound, with the duration of 1 second,
represented in Figure 3 as a spectrogram is presented in figure
4 as a mel-spectrogram.

ectrogram
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Figure 3. Spectrogram Representation. Image corresponding
to 1 second duration of an acoustic signal of air brake leakage.
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Figure 4. Mel-spectrogram Representation. Image correspond-
ing to the acoustic signal of Figure 3 in mel-scale.

Compared to the spectrogram, the mel-spectrogram provides a
visualization of variations in frequencies, and the characteris-
tics of power distribution are clearly distinct in both time and
frequency domains.

3.3. Pre-trained Deep Networks

Convolutional Neural Networks (CNN) are mainly used for
images and speech recognition due to its convolutional layer
capability of reducing the high dimensionality of those images
without information loss. CNNS, especially in computer vision
tasks, are adept at detecting edges in earlier layers, shapes in
middle layers, and some task-specific features in later layers.

Given that the acoustic signal can be represented as an image,
CNNs are a suitable approach for recognizing patterns within
these images. Considering the small dataset collected, reusing
a pre-trained model, expedites the insights gained from the
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proposed method, yielding results in a shorter period of time,
comparing to the complete process of building and training
of a deep neural network. Keras (Wood et al., 2022) provides
lots of pre-trained models suitable for Transfer Learning, in-
cluding some specifically trained on the Imagenet (Deng et al.,
2009) datasets. Imagenet is a substantial collection of images
organized within the framework of the WordNet structure,
providing a comprehensive ontology. The neural networks
presented in this study are pre-trained using images from this
database.

There is an optional step to the transfer learning, the fine-
tuning, which consists of unfreezing the entire model obtained,
or part of it, and re-training it on the new data with a very low
learning rate. This enables the model to adapt and learn more
specific features related to the new task. A partial fine-tuning
comprehends the freezing of all the pre-trained layers, training
only the new layers added on top. In a full fine-tuning, some
of the pre-trained layers are unfrozen and then, allowed to
be updated during training. (Vrbanci¢ & Podgorelec, 2020)
explain that currently, there is no general rule or recipe to
follow in order to determine which layers to fine-tune or which
hyper-parameter settings to use. Most of the decisions are
based on previous experiences of dealing with such problems.

Following a similar approach employed by (Kensert, Harrison,
& Spjuth, 2018), who applied ResNet50, InceptionV3 and
InceptionResNetV2 to predict cellular morphological changes
based on images, the experiment results presented in this
paper regards to the subsequent neural networks: Xception,
ResNet50V2, ResNet152V2 and InceptionResNetV2. These
CNNs were chosen based on their availability in newer ver-
sions and estimated top 5 accuracy informed by Keras (Wood
et al., 2022) documentation.

The ResNet and Inception families are among the most popular
CNN applied to image classification, also leveraged by an an-
nual context called Imagenet Large Scale Visual Recognition
Challenge (ILSVRC). Xception was developed by Google re-
searches as an interpretation of InceptionV3 and presents good
performance while not requiring large computing resources.

4. EXPERIMENTAL METHODOLOGY

This section describes the dataset used in the experiments, the
evaluation metrics and statistical tests used for comparing the
fault diagnosis classifiers performance, the resampling strategy
used for defining training, validation and testing subsets, and
finally the shallow and deep classifiers evaluated in this study.

4.1. Dataset

The results of this work are based on a dataset comprising a
total of 84 recordings instances collected between December
2022 and May 2023. The dataset is intentionally balanced, con-
sisting of 42 instances of failure conditions and 42 instances of

normal conditions. Table 1 reports the number of recordings
collected per inspection line on each date, providing a detailed
view of the dataset composition and the coverage of different
operational conditions. In total, 84 recordings were collected
along 5 inspection days and 14 rail lines inspected. The record-
ings were obtained during routine inspections of wagon brakes
at a yard owned by Vale S. A., a mining company with opera-
tions in Brazil, with part of its product transportation conveyed
by cargo trains.

The approximate number of railcars is considered equivalent
to the number of recordings performed, totaling 84, under
the assumption that each recording represents a single railcar
inspection. According to the adopted procedure, any railcar
with a brake fluid leak was retained for corrective maintenance;
however, inspections were conducted over a one-year period
without longitudinal tracking. Therefore, it is possible that the
same railcar was recorded in multiple inspections during the
study period.

The sound acquisition setup was designed to ensure adequate
acoustic quality and experimental reproducibility using ac-
cessible, low-cost resources. Compressed air leak recordings
were performed with a smartphone and the WaveEditor appli-
cation in WAV format, maintaining the original waveform for
processing. A standard distance of 100 cm from the sound
source was used, adjusted when necessary for terrain or safety
considerations, and a unidirectional cardioid microphone min-
imized environmental noise while capturing signals within
the 30 Hz to 15 kHz range. This configuration optimized sig-
nal quality, reduced interference, and ensured methodological
consistency in data acquisition.

Table 1. Distribution of failure and healthy recordings by
inspection date and line.

Date Line Failure Samples Healthy Samples
2022-12-16 03 1 0
05 5 6
26 7 0
2023-03-03 01 0 4
14 1 7
20 2 1
21 3 0
23 3 0
2023-03-24 02 2 0
20 3 0
2023-04-14 10 3 0
2023-04-28 06 3 2
2023-05-05 01 1 13
20 3 5
28 1 2
2023-06-02 01 0 1
17 4 1
Total — 42 42

It is important to note that, to capture the recording instances,
certain restrictions were necessary to adhere to health and
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safety regulations. The recordings were taken while walking
through only one side of the wagon batches. No inspections
were conducted on rainy days or in the absence of one of the
inspectors. The recording process involved the use of a mea-
suring tape to ensure that the device’s distance from the sound
source would be approximately the same as the inspector dis-
tance during an inspection routine. Each recording lasted
approximately 5 seconds and was labelled with healthy or
failure, as well as the inspection line where it was taken. Few
recordings may slightly exceed or fall short of the 5-second
duration due to the inherent start-stop nature of the recording
process, an expected behaviour.

Normal Condition Sample

0.3 1

0.2 1

01 1

0.0 1

Amplitude (DU)

0 0.6 12 18 24 3 36 42 48
Time (s)

Figure 5. An illustration of an audio sample representing
normal conditions. The signal representation varies among
the samples, indicating that not all of them follow the same
pattern.

Figure 5 illustrates a waveform representing a normal con-
dition instance, whereas Figure 6 presents a similar repre-
sentation for a failure condition instance. It is important to
highlight that there is heterogeneity in signal representation
among the samples, even those belonging to the same class.
Therefore, Figures 5 and 6, both lasting 5 seconds of dura-
tion, serve as illustrations and do not fully capture the signal
variability present in all samples labelled as normal or failure
conditions. The amplitude measurement unit is represented by
the abstraction of Digital Unit (DU), since those samples are
digitally captured.

Given the less frequent natural occurrence of failure events
compared to normal conditions, this study intentionally bal-
anced the samples. For every failure condition audio recording,
a corresponding audio recording of a normal condition was
included, both taken at the wagons yard.

Aiming to increase the number of samples, each recording
file was segmented in smaller files lasting 1 second at maxi-
mum. As a result, at least 4 files lasting 1 second were created
per wav file. As the original recordings’ duration lasts ap-

proximately 5 seconds, there are samples presenting only 4
segmented files lasting 1 second and the 5th lasting less than
5 seconds. The same situation happens with a few samples
lasting more than 5 seconds, which were segmented in 5 files
lasting 1 second and the 6th lasting less than 1 second. The
smaller than 5 seconds segments were discarded. This pro-
cess generated a total of 491 audio samples per round, where
251 was labelled as normal condition and 240 are samples
representing failure condition.

Failure Condition Sample

0.2

0.1 A

Amplitude (DU)
o
o

T T T T T T

0 0.6 12 18 24 3 36 42 48
Time (s)

Figure 6. An illustration of audio sample for leakage (failure)
condition. The signal representation varies among the samples,
indicating that not all of them follow the same pattern.

Dataset independence is defined at the recording-file level.
Accordingly, samples are grouped prior to any processing
or segmentation so that all segments originating from the
same recording remain within the same subset, preventing
information leakage between the training, validation, and test
sets. This strategy preserves statistical independence among
datasets and supports a reliable evaluation of model general-
ization performance.

4.2. Performance Evaluation Measures

Accuracy, a widely-used metric for evaluating classification
models, is employed in the evaluation of the models experi-
mented in this work. The accuracy of a model is computed by
dividing the number of correct predictions by the total number
of predictions. For binary classification and balanced data
sets, accuracy is generally considered a reliable metric for
performance evaluation (Godbole, Dahl, Gilmer, Shallue, &
Nado, 2022).

The Area Under the ROC Curve (AUC) is utilized as another
valuable metric for assessing the performance of binary clas-
sification models. AUC is an aggregate measurement across
possible classification thresholds, representing the probability
that the model ranks a random positive sample more highly
than a random negative sample (Godbole et al., 2022).
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This study provides both metrics for a comprehensive analysis
of the models’ performance. It is important to emphasize that
the Area Under the ROC Curve (AUC) is inherently suitable
for evaluating model performance in the presence of class
imbalance, which may be advantageous for future analyses.
The calculations for both metrics were conducted using the
functions available in Scikit-Learn (Pedregosa et al., 2011).

The performance of the models is assessed through an analysis
that involves comparing the accuracy and AUC metrics gen-
erated during their execution. This comparison is conducted
using paired-samples ¢-student and non-parametric Wilcoxon
Signed-Rank statistical tests. The t-student test gives the means
between each pair of models results for both metrics aforemen-
tioned whereas the Wilcoxon test gives the sample location
comparison between each pair of models results for both met-
rics. In summary, this study analyses how similarly the models
are performing from the point of view of general average, and
also from the point of view of ranking or performance range.

4.3. Repeated Stratified Nested Group K-fold Cross Vali-
dation

Repeated stratified nested cross-validation process for hyper-
parameter value selection and model evaluation is used as
resampling strategy. Nested cross-validation is recommended
when multiple tuning parameters are estimated, generating
multiple layers of cross-validation loops. This approach re-
duces the risk of overfitting to the dataset when performing
the search procedure. The outer loop was set as k = 10 and the
inner loop was set as k = 3.

In order to avoid the similarity bias problem (Rauber et al.,
2021), distinct samples from the same recording instance
should not be present in both the training and testing sets.
Thus, samples segmented from each recording instance are
exclusively assigned to one of the 10 folds of the outer loop.
The Group k-fold method is used with this purpose.

The t-test requires observations to be normally distributed.
The central limit theorem (CLT) asserts that as the sample size
increases, the distribution of sample means approximates nor-
mality, irrespective of the underlying population distribution.
Typically, sample sizes equal to or exceeding 30 are deemed
adequate for the CLT to apply. Therefore, three rounds of
nested cross validation are performed, each one with a differ-
ent division of recording instances in the 10 folds of the outer
loop. This strategy produces 30 different testing evaluations
enabling the reliable application of the t-test.

4.4. Statistical Features and Shallow Machine Learning
Classifiers

Evaluating the performance of a proposed classification model
involves comparing the results obtained by the model with
those of baseline classification models. In this work, the base-

lines use statistical features directly extracted from the audio
signals samples and classifiers based on techniques of shallow
machine learning. The statistical features use the ones pre-
sented in (Arunkumar & Manjunath, 2016). Mean and Median
were also included in the extracted features set. Each feature
is mathematically defined as presented in Table 2, where i is
the sample identification, N is the total number of samples,
and X(i) is the signal value for a given sample i:

The shallow machine learning classification models used in

this work are:

Table 3. Classifiers’ hyperparameters values tuned by grid
search.

Classifier Hyperparameter Values

RFC Number of trees 10, 100 and 1000
XGBoost Number of trees 10, 100 and 1000
XGBoost Maximum depth 2 and 6

XGBoost Learning rate 0.1 and 0.01

LightGBM  Number of leaves 31 and 127

LightGBM  Reg_alpha (L1) 0.1 and 0.5

LightGBM  Minimum data in a leaf 30, 50, 100, 300 and 400
LightGBM  Lambda_11 0,1and 1.5

LightGBM  Lambda_I2 Oand 1

4.5. Transfer Learning Methods

This work employed four neural networks available for transfer
learning in Keras (Wood et al., 2022): Xception, ResNet50V2,
ResNet152V2 and InceptionResNetV2. Three distinct transfer
learning approaches were investigated. The original top layer
of the pre-trained model was removed to adapt the architecture
to the specific requirements of the current task, as this layer is
typically tailored to a different set of classes and objectives. It
was replaced with a 2D global average pooling layer followed
by a dense layer with sigmoid activation for binary classifica-
tion, preserving the previously learned deep representations
while enabling refinement of the decision-making stage. This
modification improves the model’s ability to specialize for the
proposed task and enhances alignment between the network
architecture and the dataset characteristics.

The first approach uses partial fine-tuning (PFT). Beyond the
new output layer, the five latter layers of the networks were
also unfrozen to be updated during training. The second ap-
proach conducted a full, or complete, fine tuning (CFT), by
fully fine tuning the weights of all layers of the pre-trained
model. Thus, the weights of all layers were unfrozen to be up-
dated during training. The third approach conducted a training
from scratch (FST), by applying the pre-trained model without
any weight importing. Therefore, only the networks topology
is transferred in this approach.

The following statements hold true for all approaches. Each
neural network model was configured to run 100 epochs. The
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Table 2. Statistical features extracted from the waveform signal.

Characteristic Mathematical definition

Description

X = Zi:]lvx(i) _
o= /& TN X0) - XP?
RMSV = /& 327 [X(6))2

Mean

Standard deviation

Root mean square value

Peak value (PV) PV = max X (4)
of fo _ PV
Crest factor (CV) CV = e
Kurtosis Kurtosis = W Zf\]:1 (X (i) — X4
Skewness Skewness = W SN LIXG) - X3
Clearance factor (CF CF= PV
" (& 2L VIX@)D?
Impulse factor (IF) IF = %
Shape factor (SF) SF = TSN X

Histogram upper bound upper bound = max X; +

. 0.5 X;—min X;
lower bound = min X; — w

N \th N41\th
If Niseven: T = () ObS‘Jrg 2 ) obs

th
If Nisodd: 3 = (¥3L)" obs.

Histogram lower bound

Median

0.5[max X; —min X;]

Represents the mathematical average of a given dataset.

Represents the amount of dispersion or variation from the average.

Indicates the amount of energy in the signal.
Indicates the largest amplitude value of the signal.

Defined as the ratio of the PV to the RMSYV, indicating the existence of
sharp peaks in signal.

Indicates the property of the signal, peaked or flat, relative to a normal
distribution of the signal.

Measures symmetry in a distribution and indicates the position and
orientation of a defect.

Ratio of the signal’s PV to the square of the average of the absolute
signal’s square root value.

The ratio of the signal’s PV to the average absolute signal value.

The ratio of the signal’s RMSV to the average absolute signal value.

Measures the highest value within the range of the data being analyzed.

Measures the lowest value within the range of the data being analyzed.

Represents the midpoint value of a given dataset.

Adam optimizer function was used for the model compilation.
Binary cross-entropy was set as the loss parameter. The batch
size for image samples training was set as 10, while the number
of batches to be yielded per epoch was set as 5. An early
stopping callback was set to monitor the loss function values,
and restore the best weights if there is no improvement in
performance with loss decreasing after 5 epochs. The input
shape of the data provided to the model was 100x100x3 and
color mode as RGB.

Regarding to the models’ input shape, images generated from
the acoustic signals were used. As deep-learning models usu-
ally exhibit good performance when presented with images as
input, the Librosa (McFee et al., 2015) library was employed
to produce the signals’ mel-spectrograms, by applying the
Short Time Fourier Transformation (STFT). The spectrogram
was configured with the following parameters values. The
frame length was set as 2048, the hop length as 1024, and
the window as the result of the Blackmann-Harris Librosa
function execution for 1024 number of points in the output
window. Finally, for each waveform file, a mel-spectrogram
image was generated using the Librosa functions. The process
involved setting the sample rate to 44.100 and using 100 bands
of frequency.

5. RESULTS

This section presents the experimental results obtained in this
study. Classifiers models utilizing statistical features were
tested to establish a baseline for comparison. Table 4 illus-
trates the performance of the statistical models in terms of
average accuracy (ACC) and average area under the ROC

curve (AUC) of the 30 test evaluations. Standard deviation
values (o) are presented in parenthesis. The items in this table
are arranged in descending order for both ACC and AUC.

Table 4. Statistical models performance on the available
dataset.

Model ACC (o) AUC (0)

RFC 79.52 (10.83)  85.23 (11.42)
LightGBM  77.73 (10.83)  85.07 (10.98)
XGBoost ~ 77.48(11.65) 8432 (11.41)

As evidenced by the results, the models performed relatively
well, with an average ACC above 77% and an average AUC
above 84%. The best baseline model performance was the
random forest (RFC) yielding a 79.52% value of ACC and a
85.25% value of AUC.

The results of the experiments using the transfer learning
approaches are presented in Table 5. One additional column is
added to the table. It indicates the transfer learning approach
used by the respective method. The items in this table are
displayed from the highest to the lowest ACC values.

The superiority of the transfer approaches with fine tuning,
both PFT and CFT, is evident in both metrics - ACC and
AUC. Results are better than the FST and baseline models.
Furthermore, the standard deviation in these metrics is also
lower than those of the other models.

Analyzing the performances of the deep transfer learning mod-
els, one may note that those trained from scratch did not

10
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Table 5. Deep transfer learning models performance on the available dataset.

Model Transfer Learning Approach ACC (o) AUC (o)

Xception PFT 96.98 (8.47) 98.17 (6.13)
ResNet50V2 PFT 96.12 (9.60) 96.91 (8.68)
ResNet50V2 CFT 95.91 (9.36) 97.61 (6.61)
Xception CFT 95.25 (8.41) 97.47 (6.28)
InceptionResNetV2 CFT 94.84 (8.40) 96.60 (7.51)
ResNet152V2 PFT 94.48 (10.74) 96.99 (7.81)
InceptionResNetV2 PFT 94.30 (8.57) 96.66 (7.26)
ResNet152V2 CFT 93.67 (11.07) 96.25 (8.35)
Xception FST 87.51 (12.79) 95.08 (9.92)
ResNet50V2 FST 76.77 (15.27)  93.28 (12.14)
ResNet152V2 FST 74.16 (22.25)  88.33 (15.92)
InceptionResNetV2 FST 68.92 (15.27)  81.31(15.77)

perform better than the statistical models reported in Table
4. This was expected due to the small amount of samples in
the dataset. On the other hand, when compared to the models
which imported the pre-trained weights, there is a significant
difference in performance.

The deep transfer learning models showed similar perfor-
mances when trained with partial or full fine tuning, whereas
the two best models use the partial approach. Besides, the best
result (96.98% of ACC and 98.17% of AUC) was achieved
with the PFT approach with the Xception network. This model
also had the lowest standard deviation (8.47% of ACC and
6.13% of AUC), indicating better regularity. These results
suggest that partial tuning is a better approach, as it achieves
high performance while keeping computational costs lower
than full tuning training.

To further investigate the significance of the observed perfor-
mance differences, statistical analysis employing the student’s
t-test and the Wilcoxon test were performed. The comparison
is performed among the ACC and AUC values obtained from
the experimental results of the deep transfer learning models
trained from scratch, those with imported pre-trained weights,
both partially and fully fine-tuned, and the statistical mod-
els. The significance level for both tests will be considered as
0.05, meaning that values below this threshold will indicate
a rejection of the null hypothesis, concluding that there is a
statistically significant difference in performance between the
two populations of models results.

Table 6 presents a pairwise comparison of the 15 models’ ACC
performance using t student and Wilcoxon p-values. Wilcoxon
p-values are represented in the lower triangle of the table,
while t student are represented in the upper triangle.

One discernible pattern emerges upon examination of Table 6.
The fine-tuning transfer learning models (PFT and CFT) ex-
hibit statistically distinct performance than the statistical mod-
els (RFC, LightGBM, and XGB) and the from scratch transfer
learning models (FST). Unless the PFT Xception model, there
is almost no statistical difference between the PFT and CFT
models. The same observation may be made between the sta-

tistical models and the transfer learning models trained from
scratch. This observation substantiates the findings outlined
in the analyses conducted in Tables 4 and 5.

To further enhance the analysis, Table 7 provides a parallel ex-
amination of the 15 distinct models, this time focusing on the
AUC score. Basically, results are similar to those of Table 6,
and the same observations are valid.
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Figure 7. Boxplot of the models ACC performance.

The boxplots of figures 7 and 8 provide insights into the spread
and central tendency of ACC and AUC scores distribution of
all evaluated models.

In Figure 7 the central tendency of the data distribution, in-
dicated by the middle line, reveals that the median accuracy
for both statistical models and FST models falls between 60%
and 80%, except for Xception FST, which surpasses 90%.
Many models exhibit outliers, signaling potential anomalies
probably related to the dataset limitation, demanding further
investigation. PFT and CFT models demonstrate consistent
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Table 6. ACC Hypothesis Tests Results; p-value pair comparison using t-student and Wilcoxon tests. t-student p-values are
displayed in the upper triangle, while Wilcoxon values in the lower triangle. Statistically differences in the results at a 0.05

significance level are highlighted in orange color.

T-student

RFC
LightGBM
XGB
InceptionResNetV2 (FST)
ResNet152V2 (FST)

Wilcoxon
RFC
LightGBM
XGB
InceptionResNetV2 (FST)
ResNet152V2 (FST)
Xception (FST)
ResNetS0V2 (FST)
InceptionResNetV2 (PFT)

ResNet152V2 (PFT)
Xception (PFT)
ResNetS0V2 (PET)
InceptionResNetV2 (CFT)
ResNet152V2 (CFT)
Xception (CFT)
ResNet50V2 (CFT)

Xception (FST)
ResNet50V2 (FST)
InceptionResNetV2 (PFT)
ResNet152V2 (PFT)
Xception (PFT)
ResNet50V2 (PFT)
InceptionResNetV2 (CFT)
ResNet152V2 (CFT)
Xception (CFT)
ResNet50V2 (CFT)
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Table 7. AUC Hypothesis Tests Results; p-value pair comparison using t-student and Wilcoxon tests. T-student p-values are
displayed in the upper triangle, while Wilcoxon values in the lower triangle. Statistically significant differences (p j 0.05) are

highlighted in orange.

T-student

RFC
LightGBM
XGB
InceptionResNetV2 (FST)
ResNet152V2 (FST)

Wilcoxon

RFC 0.83 | 032 | 015 [ 035
LightGBM 0.85 0.46 | 0.21 | 0.30
XGB 0.74 | 0.65

InceptionResNetV2 (FST)
ResNet152V2 (FST)

Xception (FST)
ResNet50V2 (FST)
InceptionResNetV2 (PFT)
ResNetl52V2 (PFT)
Xeeption (PFT)
ResNetS0V2 (PFT)
InceptionResNetV2 (CFT)
ResNet152V2 (CFT)
Xception (CFT)
ResNet50V2 (CFT)

Xception (FST)

ResNetS0V2 (FST)
InceptionResNetV2 (PFT)
ResNetl52V2 (PFT)
Xception (PFT)
ResNet50V2 (PFT)
InceptionResNetV2 (CFT)
ResNetl52V2 (CFT)

Xception (CFT)
ResNetS0V2 (CFT)

performances, whereas others exhibit greater variability. The
performances of some models around 60% in some folds likely
reflect model variance, highlighting the sensitivity of high-
capacity models to data-specific nuances, which can be miti-
gated by expanding the training dataset to improve stability,
generalization, and robustness of the results. Notably, all PFT
and CFT models achieve accuracy rates exceeding 90%, with
InceptionResNetV2 models demonstrating particularly consis-

tent performance, surpassing 94% accuracy with only a few
outliers.

The boxplot represented in Figure 8 indicates a noteworthy
variability is observed in the performance of the statistical and
FST models, with AUC scores ranging from approximately
80% to 100%. Outliers are identified across all 15 models
analyzed, indicating instances of exceptional performance or

0.35 | 049
024 | 023
0.62 | 0.64

0.13

potential anomalies. Moreover, the central tendency observed
in the AUC scores reinforces the superior performance of trans-
fer learning models compared to their statistical counterparts.

6. CONCLUSIONS AND FUTURE WORK

This study proposes an intelligent fault detection method for
identifying fluid leakage in gondola wagon brakes. Leverag-
ing deep transfer learning techniques applied to acoustic sig-
nals recorded during wagon brake inspections, this approach
demonstrates robustness and reliability in a real-world dataset.
The core novelty of this work is the application of deep trans-
fer learning to an industrial pneumatic brake leak detection
problem using real inspection data collected under authentic
operating conditions. Notably, the method exhibits high ac-
curacy in detecting fluid leakage incidents, enabling timely
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Figure 8. Boxplot of the models AUC performance.

preventive maintenance actions. By harnessing deep transfer
learning, it is mitigated the need for large annotated datasets
specific to the target domain, overcoming the challenge of data
scarcity in fault detection applications. Additionally, utiliz-
ing acoustic signals offers a non-intrusive and cost-effective
means of monitoring gondola wagon brake health, facilitating
continuous monitoring without major operational disruptions.
In standard human inspection, trained personnel identify com-
pressed air leaks by listening for characteristic high-frequency
hissing sounds, a process that relies on auditory acuity, ex-
perience, and selective attention; this reinforces the practical
relevance of automating leak detection with the proposed ap-
proach.

Through knowledge transfer from pre-trained models and
analysis of images generated from audio files, the proposed
method outperforms traditional approaches in fault detection.
To ground its superiority, it was established a baseline com-
parison using statistical models on tabular data. Performance
evaluation metrics such as accuracy and area under the receiver
operating characteristic curve underscore the effectiveness of
our method. Furthermore, the validity of results were con-
firmed through #-student and Wilcoxon statistical tests.

In conclusion, the presented intelligent fault detection method
yields a significant advancement in enhancing the safety and
reliability of railway transportation systems. Leveraging state-
of-the-art deep transfer learning techniques, it establishes a
framework capable of efficiently identifying fluid leakage in
gondola wagon brakes based on acoustic signals. The findings
demonstrate robust identification of leakage conditions with
an accuracy exceeding 94% across the four neural network
models with full and partial fine-tuning. This method serves

as a valuable auxiliary tool for inspection activities, aiding in
the detection of wagon brake fluid leakage through analysis of
acoustic signals. Accurate inspections can prevent accidents
resulting from insufficient maintenance, thereby saving lives
and preserving the public image of companies.

These results, nevertheless, should be interpreted within the
scope of the operational setting evaluated in this study. The
findings demonstrate robust model performance within the
specific operational context studied, with high accuracy and
AUC values aligned with the physical characteristics of pneu-
matic leaks and the adopted mel-spectrogram representation.
However, generalization to other scenarios—such as different
rail yards, railcar types, or environmental conditions—requires
further validation with larger and more heterogeneous datasets.
Future studies should therefore include expanded experimental
campaigns to assess the robustness and generalization capabil-
ity of the method across diverse operational contexts.

As a future research direction, integrating this transfer learn-
ing method into a robotic system capable of navigating wagon
inspection lines could represent a significant advancement.
Such a system could streamline and enhance wagon brake
inspection processes, potentially reducing or replacing the
need for human intervention. Furthermore, since this study
dataset was collected in specific conditions as detailed in Sec-
tion 1, future investigations could explore gathering data under
a broader range of weather conditions, including rainy days,
or during the operation of adjacent inspection lines. This ex-
panded data collection could be facilitated by utilizing robots,
potentially reducing the exposure of humans to safety risks.
As the dataset expands, class imbalance may arise. In such
cases, the adoption of imbalance handling strategies—such
as class weighting, resampling procedures, and synthetic data
generation techniques like SMOTE (Chawla, Bowyer, Hall, &
Kegelmeyer, 2002)—can mitigate training bias, promote more
balanced evaluation across classes, and enhance the robustness
and reliability of the reported results.

The dataset collected and the code developed as part of this re-
search endeavor are publicly available on GitHub. The dataset
includes acoustic signals recorded from gondola wagon brakes,
along with corresponding annotations indicating the presence
or absence of fluid leakage incidents. This comprehensive
dataset serves as a valuable resource for researchers and practi-
tioners interested in exploring fault detection methodologies in
railway transportation systems. The code repository contains
the implementation of the intelligent fault detection method
proposed in this study, facilitating replication and extension
of our findings.
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