W) Check for updates

Structural Control and Health Monitoring

WILEY

| RESEARCH ARTICLE EEED

Brake Fault Diagnosis Through Tree-Based Classifiers and
Combination of Features

Vaishnavi Tripuraribhatla’ | Naveen Venkatesh Sridharan® | Jegadeeshwaran Rakkiyannan' |

Sugumaran Vaithiyanathan'

ISchool of Mechanical Engineering (SMEC), Vellore Institute of Technology, Chennai, India | Division of Operation and Maintenance Engineering,
Luled University of Technology, Luled, Sweden

Correspondence: Naveen Venkatesh Sridharan (naveen.venkatesh.sridharan@Itu.se)
Received: 4 March 2026 | Revised: 2 July 2026 | Accepted: 28 July 2026
Academic Editor: Sara Casciati

Keywords: brake fault diagnosis | feature combination | random forest | tree-based classifiers

ABSTRACT

In the rapidly advancing world of automotive technology, ensuring safety and reliability is paramount. A vehicle’s braking system
is crucial for preventing accidents and mechanical failures. Monitoring the braking system performance is vital, as any degradation
can have severe consequences. This study focuses on identifying key features to evaluate braking system performance. Vibration
signals were analyzed under various conditions including air in the brake fluid, mechanical fade, reservoir leak, and different brake
pad wear states. The feature extraction process used statistical, histogram, and autoregressive moving average (ARMA) techniques.
These features were then selected using the J48 decision tree to determine their significance. Each feature type was independently
classified to assess its efficacy, achieving classification accuracies of 98.00%, 99.00%, and 97.00% for statistical, histogram, and
ARMA features, respectively, using the random forest (RF) classifier. To improve accuracy, combinations of selected features were
tested with histogram and statistical, ARMA and histogram, ARMA and statistical and histogram, and ARMA and statistical. The
histogram and statistical features and the combination of all three features produced a classification accuracy of 100.00% with the
RF classifier. Histogram and statistical feature combination was deemed most reliable, balancing high accuracy with reduced
information and time complexity.

1 | Introduction considered of importance. Using techniques like vibration
analysis to monitor performance and recognize early signs of
wear and tear, brake fault diagnosis can proactively identify
issues, thereby assisting in timely repair or replacement. This not
only ensures optimal braking performance but also plays a crit-
ical role in enhancing road safety and minimizing the risk of

accidents.

Brakes are crucial components in any vehicle, responsible for
controlling speed and ensuring safety by bringing it to a con-
trolled stop. Brake faults can reduce brake effectiveness that
turns a normally safe maneuver into a potentially life-threatening
situation. A failure in the braking system can lead to catastrophic
consequences, thereby posing serious threats to passengers and

other road users. Thus, the importance of maintaining the
performance of brakes cannot be overstated [1, 2]. In 2018,
a survey reported that defective brakes were the major reason for
road vehicle related accidents accounting for nearly 22% (10,000)
of the 44,000 (approximately) [3]. Brake fault diagnosis is thus

Vibration analysis, due to its high sensitivity and effectiveness, is
widely recognized as a key technique for brake fault diagnosis.
Compared to methods based on acoustics or thermal imaging,
vibration analysis offers a more direct means of detecting me-
chanical component failures [4]. Vibration signals provide

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the

original work is properly cited.

Copyright © 2026 Vaishnavi Tripuraribhatla et al. Structural Control and Health Monitoring published by John Wiley & Sons Ltd.

Structural Control and Health Monitoring, 2026; 2026:5519373
https://doi.org/10.1155/stc/5519373

1 of 18


https://doi.org/10.1155/stc/5519373
https://orcid.org/0000-0002-4034-8859
https://orcid.org/0000-0002-4144-827X
https://orcid.org/0000-0002-5323-6418
mailto:naveen.venkatesh.sridharan@ltu.se
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/stc/5519373
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2Fstc%2F5519373&domain=pdf&date_stamp=2026-08-28

valuable insights into component wear and system abnormalities
by capturing dynamic behavior, thereby enabling real-time
monitoring and early fault detection [5]. In this study, a piezo-
electric accelerometer is utilized to measure brake system vi-
brations offering, a detailed assessment of brake condition [6].
The advantages of vibration analysis include its compatibility,
reliability, and sensitivity in combination with advanced data
processing techniques, which make it a crucial tool for en-
hancing maintenance and vehicle safety [7].

Traditional diagnostic methods are often labor-intensive and
lack precision that creates a definite need for more advanced,
efficient and accurate approaches. This study fills this gap by
employing machine learning (ML) techniques and feature
selection to optimize brake fault diagnosis [8]. This growing
need for ensuring brake reliability has led to the exploration
of novel diagnostic state-of-the-art technologies inside ML.
This paper delves into the utilization of ML for brake fault
diagnosis to improve automotive safety [9, 10]. ML algorithms
make highly accurate predictions by identifying patterns from
historical data. In the context of brake fault diagnosis, these
algorithms can detect minor variations at an early stage well
before they develop into major failures [11, 12]. The ability to
predict and timely address these issues not only enhances
vehicle safety but also contributes to more efficient mainte-
nance, reduced downtime, and overall improved vehicle
performance [13]. The use of ML over deep learning was
a conscious decision aligned with the complexity and needs of
the task at hand, as it allowed for more efficient selection of
features and improved the performance of models during
classification [14]. Focusing on the most significant features
and employing classifiers like random forest (RF), random
tree, optimized forest, and much more has led the research to
achieve optimal results without the need for extensive data or
complex algorithms. This highlights the effectiveness of ML
over deep learning in this specific application.

This research innovatively utilizes a combination of statistical,
histogram, and autoregressive moving average (ARMA) methods
to deliver precise diagnostic capabilities [15]. Decision trees are
simple to understand and visualize and naturally rank features

by their ability to split between classes which enables efficient
feature selection. This aspect was crucial in the study to find the
most significant statistical features and identify the optimal
combinations of features that offer precise classification [16].
This approach holds the potential for real-time monitoring of
brake systems and also paves the way for predictive maintenance,
thereby minimizing risks and reducing costs [17]. Moreover, the
utilization of ML in brake fault diagnosis aligns with the broader
trend toward the integration of intelligent systems within the
automotive industry. The advent of autonomous vehicles and
Internet of Things (IoT) technologies has led to an explosion in
the amount of data generated by modern vehicles [18]. This data,
if harnessed effectively, holds the potential to revolutionize the
way one understands and interacts with vehicles. The ability of
ML to analyze and derive insights from this data positions it as an
indispensable tool in the future of automotive engineering. Ta-
ble 1 presents a selection of studies that have applied ML for fault
diagnosis in various mechanical components.

Several research gaps that were derived based on the studies
presented above are summarized as follows:

« Previous literature studies on brake fault diagnosis were
confined to only one particular type of brake, namely, the
drum brakes.

« The number of fault scenarios considered in the existing
literature was constrained and limited, which have
neglected to consider multiple fault scenarios.

« The absence of a universally accepted fault diagnosis
technique is evident, as early studies primarily relied on
sound or acoustic emissions, thereby making comparative
evaluations challenging.

Traditional approaches to feature extraction often focus on
individual strategies to determine the best feature and
classifier combination with limited investigation into the
benefits and effects of combining multiple features.

« While ML is frequently applied in fault diagnosis, there
remains a gap in understanding its full potential, challenges,
and implications for improving diagnostic accuracy.

TABLE 1 | Fault diagnosis in mechanical systems using machine learning.

Method System Reference
Reconstructed Eigen Values Brake System [19]
Fault Detection and Isolation (FDI) Gas Turbine Engines in Aircraft [20]
Multilayer Perceptron (MLP), Support Vector Machine (SVM) Centrifugal Pumps [21]
Wavelet Threshold Denoising Brake System [22]
J48 Tire Condition Monitoring [23]
Fault Detection Algorithm (FDA) Heat Pump [24]
Rough set theory Air Brake System [25]
Voting Classifier Brake System [26]
Artificial Neural Network (ANN) Internal Combustion Engines [27]
Random Forest (RF), k-Nearest Neighbour (KNN), Decision Tree Bearing in Motors [28]
Convolutional Neural Networks and Transformer Brake System [29]
ANN Brake System [30]
Tree Based Algorithms Multipoint Cutting Tool [31]
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1.1 | Novelty and Contribution

The novelty of this research lies in its multidimensional approach
to brake fault diagnosis incorporating a diverse set of features
extracted from vibration signals. Additionally, the study con-
siders faults in both disc and drum brakes.

1. While early studies have focused on one or two types of
features, this study pioneers the evaluation of three distinct
feature types—statistical, histogram, and ARMA—and
assesses their individual as well as combined effectiveness
in classifying brake faults.

2. Furthermore, the study introduces a comparison of feature
combinations, leading to the discovery that a specific blend
of statistical and histogram features could achieve high
classification accuracy while reducing computational
complexity. The method employed also highlights the ef-
ficacy of using decision tree-based classifiers, particularly
the RF algorithm, in distinguishing between different types
of brake faults.

3. This research enhances the efficiency and reliability of
brake fault diagnosis by refining feature selection and
classification methods which could help improve vehicle
safety by reducing brake-related accidents.

Building upon the identified challenges in brake fault diagnosis,
the following section emphasizes the significance of advancing
diagnostic methods and highlights the unique contributions of
this study.

1.2 | Research Significance

Ensuring the reliability and safety of automotive braking systems
is critical, as brake faults can lead to severe consequences. Al-
though vibration-based fault diagnosis is widely studied, there is
a need for further research to develop methods that not only
achieve high accuracy but also maintain computational effi-
ciency. This study addresses this gap by exploring the integration
of multiple feature types such as statistical, histogram, and
ARMA and evaluates their combined effectiveness through tree-
based classifiers. The research contributes to the field by

Brake pedal

FIGURE 1 | Brake test rig utilized for the study.

Belt drive

achieving 100% diagnostic accuracy, particularly with the RF
classifier, while maintaining a balance between accuracy and
computational demands. Unlike previous studies that focus on
single feature types or deep learning approaches, this method
offers a more accessible, interpretable, and efficient solution. The
findings demonstrate the potential for real-time and reliable
brake fault diagnosis systems, thereby highlighting the practical
implications of the method for enhancing vehicular safety.
Having established the need for innovative approaches, the ex-
perimental environment, the components used in the study, and
the brake faults considered are detailed in the following section.

2 | Experimental Details

2.1 | Experimental Setup

The experimental setup as illustrated in Figure 1 was constructed
using a hydraulic brake system sourced from a passenger car that
is commercially available. It consists of a shaft connected to both
a disc brake and a rear drum brake. A 1 HP DC motor, coupled to
the shaft driven by a belt which powers the rig. This motor is
further connected to the accelerator pedal through a lever and an
integrated drive with a variable speed control up to 2500 rpm.
Alongside the accelerator pedal, a brake pedal is fixed which
connects to the master cylinder piston through a push rod. In
hydraulic brake systems, the master cylinder is considered a key
component that consists of a moving piston inside its bore. To
maintain realistic conditions, genuine vehicle parts were used.
The overall dimensions of the test rigare 0.8 m X 0.8 mx 0.4 m. A
piezoelectric accelerometer was employed to record vibration
data. The specifications of the accelerometer and data acquisition
(DAQ) system are presented below:

« Accelerometer Specification
o Type-Uniaxial
o Resonance Frequency-40 Hz

o Range-50g

o Sensitivity-100 mV/g

Brake disc ‘

Accelerator pedal
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o Mounting-Adhesive

+ DAQ Specification
o Model-NI USB 4432

o Input Channel-5 (analog)

o

Sampling Rate-102.4 kilo samples per second

Resolution-24 bits

[o}

o

Signal Conditioning-Charge Amplifier and Analog to
Digital Converter (ADC)

2.2 | Experimental Procedure

The initial test on the brake test rig was performed for the good
condition of components on the setup by collecting vibration
signals. The braking experiment for good condition was carried out
at a speed of 40 km/h under a brake load of 7 kg. The collection of
vibration signals from the accelerometer was performed under
specific conditions with a number of samples accounting for 50
with a sampling frequency of 24 kHz and a sample length of 1024.
DAQ facilitated the conversion of analogue sample signals to digital
numeric values for computer processing. The DAQ system used
data acquisition chord (DAC) hardware to enable communication
between the sensor signal and a computer.

2.3 | Brake Fault Conditions

Nine different faults were methodically simulated one after
another while maintaining the good condition of other com-
ponents while the corresponding vibration signals were collected
according to the study [32]. Figure 2 presents a few brake
components with faults that were utilized in the study. Figure 3
represents the samples of vibration signals collected for every
brake condition.

o Air in the Brake Fluid (ABF): The pump and hold method
was used to pull atmospheric air through the valve on the
upstroke. The ABF signal shows fluctuations around zero
amplitude with irregular peaks, indicating intermittent
pressure drops as air enters the system. The amplitude
generally stays between +1.5. Low-frequency fluctuations
with variable amplitudes indicate inconsistent braking
performance due to air intrusion.

Brake Oil Spill on Disc Brake (BOS): A Pasteur pipette was
used to add 5mL of brake oil to the brake disc. The BOS
signal exhibits repetitive high-frequency oscillations with

&)

FIGURE 2 | Faults in brake (A) mechanical fade (drum), (B) brake pad wear (drum), and (C) wear in disc brake pad.

(B)

a relatively consistent amplitude of around =40.3. This
suggests that oil on the disc causes slippage and results in
vibrations of a higher frequency. Moderate frequency with
consistent amplitude peaks signifies oil-induced vibration
patterns.

Disc Brake Pad Wear-Inner and Outer (Even) (DBPWIO):
Brake pads measuring 16.50 mm were decreased to 11.60 mm
(inner) and 12.40 mm (outer), with the inner pad wearing
faster. The vibration rapidly drops after an initial large peak,
which could be caused by the even wear of the pads leading to
a sudden change in friction followed by stabilization. The
signal amplitude is around six initially but quickly declines to
near-zero. The signal has a sharp peak initially, followed by
a very low frequency as the brake stabilizes.

Disc Brake Pad Wear-Inner (Uneven) (DBPWIU). A
16.50 mm pad was machined down to a gradient of
15.12mm and 14.72 mm. The signal shows moderate fluc-
tuations around 0 with peaks reaching up to £0.3, indicating
uneven friction from the inner pad. Medium-frequency
oscillations and moderate amplitude peaks suggest that
the uneven inner pad wear results in irregular braking
vibrations.

Disc Brake Pad Wear-Inner and Outer (Uneven)
(DBPWIOU): The pads were machined with gradients of
14.76 mm-14.12mm (inner) and 15.12mm-14.72 mm
(outer). This signal has fluctuations around zero with peak
amplitudes up to 0.3, indicating inconsistent braking due
to uneven wear across both inner and outer pads. The
uneven pad wear results in mid-frequency fluctuations
and moderate amplitude variations.

Disc Brake Pad Wear-Inner (Even) (DBPWIE): A surface
grinding machine was used to lower the original thickness of
asbestos pads from 16.50 mm to 12.40 mm. The signal has
relatively low amplitude variations, with occasional spikes
reaching 0.6 and —0.4, suggesting even wear in the inner
pads but leading to occasional braking instability. The
amplitude is moderate, with low-frequency oscillations in-
dicating an overall stable but slightly irregular braking
behavior.

Drum Brake Mechanical Fade (DBMF): Brake fades, or the
decline in stopping power, were recreated with a used cast
iron brake drum with a particular volumetric coefficient of
expansion. The DBMF signal fluctuates mildly around zero
amplitude, reflecting the gradual loss of braking efficiency.

©
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FIGURE 3 | Sample vibration signal for various brake fault conditions.

Peaks are up to 0.2. Low frequency and low amplitude
suggest a steady decline in braking efficiency due to
mechanical fade.

o Drum Brake Pad Wear (DBPW): A cylindrical grinding
machine was used to lower the original thickness of asbestos
drum brake pads from 7.50 mm to 5.70 mm. The DBPW
signal has one major peak at the beginning reaching +1.3
and —2.2, followed by stabilization around zero. This reflects
the rapid effect of worn pads causing initial instability,
followed by adaptation. Initial high amplitude suggests
significant  instability, followed by low-frequency
stabilization.

Reservoir Leak (REL): After opening the reservoirs airtight
seal, a pipette was used to siphon 50 mL of brake fluid. The
signal shows irregular fluctuations between +0.4 and —0.2,
with varying amplitude and frequency. This indicates un-
stable braking due to the loss of fluid from the reservoir. The
frequency and amplitude are both moderate, pointing to
unpredictable brake pressure.

3 | Methodology

The methodology section of this study provides a structured and
comprehensive approach to brake fault diagnosis by focusing on
key stages that include feature extraction, feature selection, and
classification as presented in Figure 4. Utilizing statistical, his-
togram, and ARMA methods for feature extraction, the study

effectively captures essential characteristics of vibration signals
under both normal and faulty conditions. Advanced ML tech-
niques, specifically decision tree-based classifiers, were applied
for the effective categorization of these features. By conducting
a thorough evaluation of individual and combined feature sets,
the study aims to pinpoint the most efficient and accurate
combination for fault diagnosis. This methodology not only al-
lows for an in-depth analysis but also serves as a foundation for
future research, providing a reliable and scalable framework for
the ever-critical issue of vehicle safety.

3.1 | Feature Extraction

Feature extraction is conducted on the vibration signals obtained
from the brake system for various conditions. The extracted
features serve as a numerical representation of these conditions,
aiming to capture their unique characteristics that are crucial for
fault identification. Feature extraction is the initial stage in
transforming raw data into a format that can be effectively
utilized by ML algorithms. Essentially, it entails selecting and
calculating a collection of characteristics, or attributes, that
encapsulate the key qualities of the data. The present study
employs three different feature extraction strategies: ARMA,
statistical, and histogram features. A brief explanation of the
retrieved characteristics is provided below:

« Statistical Feature Extraction: This was performed with the
help of Microsoft Excel, and a thorough descriptive statis-
tical analysis was performed. Every single signal was

Structural Control and Health Monitoring, 2026
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FIGURE 4 | Methodology in brake fault diagnosis.

evaluated to extract the following statistical features: sum,
standard error, standard deviation, skewness, sample vari-
ance, range, mode, median, minimum, maximum, mean,
and kurtosis [33].

Histogram feature extraction: The minimum and maximum
values of the dataset, also known as extreme amplitude
values, were taken from the statistical analysis and were
used to create bin values by calculating respective interval
values. A total of 100 bins were created. These files were
constructed with input ranges of the dataset and their re-
spective bin values using a histogram feature [34].

« ARMA feature extraction: ARMA comes from merging two
simpler models—the autoregressive (AR) and the moving
average (MA). These features were extracted using MAT-
LAB, where 50 orders were created with the help of a code.

3.2 | Feature Selection

Feature selection is a critical phase that includes determining the
most relevant features from the original dataset for use in model
training. The goal is to remove redundant or irrelevant features
that do not contribute to the predictive capacity of the model.
Feature selection thereby improves the model performance,

reduces overfitting, and accelerates the training process. The
extracted features using statistical, histogram, and ARMA
methods are subjected to a selection process to identify which of
them are the most relevant for classifying different brake con-
ditions effectively. This step is performed using a J48 decision
tree approach for selecting the most important features that affect
the information from the signal. The J48 decision tree was chosen
for its effectiveness in feature selection and its interpretability
which are particularly valuable in the domain of fault diagnosis.
One key advantage of the J48 algorithm is its ability to rank
features based on their significance in distinguishing between
fault conditions. This capability aligns with the aim of the study
to identify the most impactful features among the statistical,
histogram, and ARMA features for brake fault diagnosis. Ad-
ditionally, J48 is an extension of the C4.5 algorithm which is well
known for handling both continuous and categorical data ef-
fectively. This aspect is critical when dealing with the diverse
feature types extracted from vibration signals. Its pruning
mechanism also helps prevent overfitting, thereby ensuring that
the model generalizes well with new data. The choice of J48
facilitates an interpretable decision-making process that aids in
the identification of specific features that contribute most to
diagnostic accuracy. This transparency is valuable not only for
understanding the model behavior but also for validating the
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chosen feature combinations. Therefore, J48 serves as a robust
tool for both feature selection and initial classification that forms
a foundation for further classifier evaluations in this study. Each
feature type was subjected to 10-fold cross-validation using the
J48 classifier to identify the most significant features. For his-
togram features, each of the 100 bins was individually cross-
validated, and the 59th bin with the highest accuracy was se-
lected. For ARMA features, each of the 50 orders was cross-
validated, and Order 15 was selected. In this study, WEKA was
used for feature selection. The J48 decision tree classifier was
employed as a feature selection tool because it identifies sig-
nificant features based on their contribution to class separation.
During this stage, the complete dataset was used for global
feature screening, and 10-fold cross-validation with J48 was
applied to evaluate the classification relevance and stability of the
selected features. This procedure was used to determine the most
informative statistical, histogram, and ARMA features. For
histogram features, each of the 100 bins was evaluated, and the
59th bin was selected based on the highest cross-validation ac-
curacy. Similarly, for ARMA features, each of the 50 orders was
evaluated and Order 15 was selected. The selected features were
then fixed and used for the subsequent classification stage.

3.2.1 | Statistical Feature Selection

The 12 statistical features went through feature selection, where
a decision tree-based classifier, J48, was visualized to rank fea-
tures based on their significance. The most significant features
were derived from the decision tree as depicted in Figure 5 while
Table 2 presents the performance of the selected features.

3.2.2 | Histogram Feature Selection

Statistical feature summary of the maximum and minimum
values is acquired, and histogram analysis is performed to create
bins. Each bin is now processed and subjected to 10-fold cross-
validation using a J48 tree-based classifier. The 59th bin, which
displayed the highest accuracy, was selected and underwent
further scrutiny for optimal feature selection. The impact of
features is presented in Table 3. The selected features are rep-
resented in Figure 6.

<=-1.03437

Standard error

> 0.002577 |<= 0.002577

> -1.03437

<=-0.02531|> -0.02531

Standard error

<=0.000867

<=0.423773

For the histogram features, the vibration signal data is first divided
into bins representing specific amplitude ranges. The features la-
beled “h” correspond to the frequency counts within these bins,
effectively capturing the distribution pattern of the signal ampli-
tude. This method highlights how frequently specific vibration
intensities occur which is useful for distinguishing between dif-
ferent fault conditions. During feature selection, bins with the most
variability across fault conditions are prioritized as these provide
the most distinguishing power. This process helps in focusing on
histogram features that best capture the differences between
normal and faulty states. For instance, features like “h24,” “h28,”
“h30,” and “h33” denote the specific amplitude ranges inside bin 59
which show significant variation across different brake faults,
making them highly relevant for fault diagnosis.

3.2.3 | ARMA Feature Selection

The 50 order files that were created using MATLAB underwent
10-fold cross-validation to determine individual accuracy. Order
15 produced the highest accuracy that was deduced by the J48
decision tree. The impact of features is presented in Table 4,
while the features derived for order 15 are presented in Figure 7.

The ARMA features are derived from modelling the vibration
signal as a combination of AR and MA processes. This approach
captures temporal patterns by accounting for both the de-
pendencies on previous data points (AR) and the influence of
random noise (MA).

« Features k represents AR coefficients which capture the
relationship among the past and present values in the time
series.

« Features a are the MA coefficients quantifying how the
signal is affected by noise and recent observations.

« Features e refers to the error terms or residuals providing
information about the variability in the ARMA model.

For feature selection, the most significant coefficients (those with
higher variance across fault conditions) are retained. This se-
lection process helps focus on features that reflect the most
informative temporal patterns that are crucial for diagnosing
faults that may develop over time.

> 0.000867

> 0.423773

<=-0.28078 >-0.28078

A\
|bosdb (50.0)| |dbpwuei0 (50.0)| |drbmf(51.0/1.0)| |rl(50.0/1.0)| |dbpwei(51.0/1.0)| |dbpwuei (49.0)

FIGURE 5 | Decision tree of statistical feature.
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TABLE 2 | Performance of selected statistical feature.
Minimum, standard
Minimum, standard error, error,
Statistical features kurtosis, skewness kurtosis Minimum, standard error Minimum
Cross-Validation Accuracy (%) 97.40 96.40 90.72 80.90
3.3 | Combination of Features combining these methods, the analysis not only amplified the

accuracy and robustness of the diagnostic process but also
unveiled a perspective of the underlying fault patterns. These
combinations provided a more novel approach that enabled
the detection of faults, enhancing the overall efficacy of the
brake fault diagnosis system. In this study, a combination
strategy was employed to maximize diagnostic accuracy by
utilizing the unique strengths of statistical, histogram, and
ARMA features. Each feature type captures different aspects of
the vibration signals, which, when combined, provide
a comprehensive profile of the brake system fault conditions.

The need for adoption of a combination of features, as opposed
to relying solely on individual features, stems from the rec-
ognition that different aspects of the brake system behavior
under varying conditions can be captured effectively through
this approach. As a lot of factors affect brake fault diagnosis,
a single type of feature may not be suitable to effectively
determine the system safety. By integrating statistical, his-
togram, and ARMA features, the unique strengths and per-
spectives of the features were exploited. Statistical features
provide insights into data distribution; histogram features
offer a visual representation of frequency distributions and
ARMA features consider temporal patterns and dependencies. ~ 3.3.1 | Combination Strategy
The method enhances the robustness and adaptability of the
diagnostic model by combining features, thereby allowing it to
learn specific patterns and faults within the brake system. The
feature combinations that were created are: (i) histogram and
statistical, (ii) ARMA and statistical, (iii) histogram and « Based on initial accuracy results, combinations of these
ARMA, and (iv) histogram, ARMA, and statistical. By features were tested specifically: (i) histogram + statistical,

« The selected features from each type (statistical, histogram,
and ARMA) were first evaluated individually to determine
their diagnostic efficacy.

TABLE 3 | Performance of selected histogram features.

h29, h28,
h24, h33, h29, h28, h29, h28,
Histogram features h30 h24, h33 h24 h29, h28 h29
Cross-Validation Accuracy (%) 97.40 96.60 94.80 86.18 70.60
<= 8366 > 8366
<=1815 |> 1815 <=281 >281

= <= 580 \> 580

@ |good<soo>| |a1bf<500)| |dbpw<soo>| @ 9] (o)

> 1181 \c=1181 <=287|> 287 <=1515 \> 515
dbpwei (48.0) @ | dbmf (49.0) | | 11 (50.0) | | bosdb (50.0) | | dbpwuio (13.0) ‘
> 675 \<= 675

dbpwui (48.0) @

<=1097\> 1097

| dbpwui (2.0) | | dbpwei (2.0) |

FIGURE 6 | Decision tree of histogram feature (bin 59).

8 of 18 Structural Control and Health Monitoring, 2026

5US91 SUOWILIOD BAIERIO 3|e01 ddke 8 AQ PaUBAOD 312 SOILE WO ‘381 J0 S9N 0 Akeiq178UIIUO AB]IM UO (SUOIPUCO-PUE-SULBIICY' A3 14 ARG [BU1|UO//SANY) SUOIIPUOD PUE SWiS | 341 39S *[9202/80/82] U0 AkeiqiTaulluo AB1IM “BISBAIUN BYSILP L B9INT AQ £/E6TSS/IS/SSTT OT/I0P/W0D S| ARe.q1 pUIUO//SANY WOIS POPeojumoq ‘T ‘920z ‘WS



TABLE 4 | Performance of selected ARMA features.

k3, al,

el, al, k3, al, k3, al,
ARMA features k2 el, al el k3, a1l k3
Cross-Validation Accuracy (%) 98.60 95.80 94.80 94.80 75.60

<=0.002676 > 0.002676

<=0.003031> 0.003031

<=-0.091594 \> -0.091594

| drbmf (6.0)| | 11 (50.0) |

FIGURE 7 | Decision tree of ARMA feature (order 15).

(ii) ARMA + statistical, (iii) histogram + ARMA, and (iv) features marginally improved accuracy but significantly
histogram + statistical + ARMA. increased computational demands.

« Each combination was trained on the training data and
evaluated on the test data to identify which sets produced ~ 3-3.3 | Size of Training Data and Feature Selection

the highest accuracy with the least computational overhead.

This step ensured that the feature combination provided « The dataset consisted of vibration signals collected from
complementary information, enhancing the model’s multiple fault conditions, split into an 80:20 training-to-
robustness. testing ratio. During feature selection, cross-validation was

applied to ensure that the chosen features were generaliz-

able and contributed meaningfully to accuracy.

3.3.2 | Impact of Selected Features o ] )
« For each brake condition, 50 nonoverlapping sequential

vibration data files were collected, with each file con-

« For individual features, the number of features retained e . ' 3
taining 1024 consecutive samples (signal points). The

varied )
complete dataset therefore consisted of 500 files corre-
1. Statistical features-4 selected features (minimum, standard sponding to 10 brake conditions. After acquisition, the
error, kurtosis, and skewness) files within each condition were randomized and split

using an 80:20 ratio, resulting in 40 training files and 10
testing files per condition. Overall, 400 files were used for
training, and 100 files were used for testing. Since the files
3. ARMA features-5 selected features (k3, al, el, al, and k2) were generated as nonoverlapping Sequential records
after the test rig reached steady operating conditions and
not as overlapping windows, the possibility of data
leakage due to overlapping samples between training and
testing data was minimized.

2. Histogram features-5 selected features for bin 59 (h29, h28,
h24, h33, and h30)

« When combined, the model used a total of 9-14 features,
varying slightly based on the classifier’s optimization. For
example, the histogram + statistical combination resulted
in 9 features after selection, while histogram -+ statistical
+ ARMA used around 14 features.

— . - 4 | Tree-B lassifier
« The combination of histogram + statistical features pro- 34 | ee-Based Classifiers

vided high accuracy with lower computational complexity, Feature classification in ML refers to the process of categorizing
which was ideal for real-time applications. Adding ARMA extracted features into predefined classes based on their
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attributes and characteristics. After the initial step of feature
extraction, where various aspects of the data are captured and
quantified, these features are then used as inputs for classifiers.
Classifiers are ML algorithms designed to map these feature
vectors onto class labels, essentially predicting the category to
which a new data point belongs based on its features [35]. In the
context of this study, feature classification plays a crucial role in
brake fault diagnosis. Post extraction of features from various
conditions of the brake system (both normal and faulty condi-
tions), these features were used as inputs to tree-based classifiers.
These classifiers were tasked with distinguishing between nor-
mal and different types of faulty conditions such as air in brake
fluid, mechanical fade, and reservoir leak. The classifiers were
trained and validated through methodologies like 10-fold cross-
validation to ensure that they generalize well to new and unseen
data. Through classification, the system aims to accurately
identify faults in the braking system, thereby enhancing vehicle
safety by timely detection and rectification of issues. A brief
description of the various tree-based classifiers is presented in
Table 5 [36].

With the diagnostic framework in place, the subsequent sections
present the experimental findings, offering insights into the
performance of the proposed feature combinations.

4 | Results and Discussion

The research explored the performance of individual features
and a combination of features in brake fault diagnosis. The
details of the sample partitioning, hyperparameters considered,
training, validation, and classification processes are described as
follows:

« Sample Partitioning: An 80:20 dataset split was adopted in
this study wherein training data constitutes 80% of the
collected data while the test data constitutes 20% of the

TABLE 5 | Description of tree-based classifiers.

collected data. This partitioning strategy was chosen to
provide sufficient data towards training the model while
retaining a substantial portion for independent evaluation.
Additionally, the data was balanced to ensure that all fault
conditions were adequately represented in both the training
and testing sets which is crucial for reliable model evalu-
ation and avoiding bias toward any particular fault type.

« Hyperparameter Considered: The hyperparameters consid-
ered for all the tree-based classifiers are listed in Table 6.

Training, Validation, and Classification Process: The model
training involved training the adopted tree-based classifiers
with the training data. The validation process was conducted
using 10-fold cross-validation to ensure that the model could
generalize well to unseen data. This method divides the data
into 10 subsets, where nine are used for training and one for
validation in each iteration, rotating through all subsets.
This process helps mitigate overfitting and provides a reli-
able measure of model performance. The classification or
test process was performed on the trained model with the
test data.

« Software environment: Feature selection and classification
were performed in WEKA (Version 3.8), feature extraction
for statistical and histogram features was performed in
Microsoft Excel, and ARMA modelling was carried out in
MATLAB (R2021a).

4.1 | Performance Evaluation of Individual
Features With Tree-Based Classifiers

The extracted statistical, histogram, and ARMA features were
evaluated with tree-based classifiers for diagnosing brake faults,
and the obtained results were presented in Tables 7, 8 and 9,
respectively. The best-performing classifier for every individual
feature can be deduced from Table 7 (a), (b), and (c) accordingly.

Classifier Feature Advantages

Cost sensitive (CS) Ensemble of trees, combining bagging & clustering Robust, handles noise, good generalization
forest

J48 C4.5 algorithm (extension of ID3) Handles missing values, prunes trees

Optimized Forest
REP Tree

SysFor

JCHAID Star

Decision Stump

RF Ensemble of unpruned decision trees with random fea-

ture selection

Random Tree

Forest PA Ensemble method with Passive-Aggressive (PA) updates
Smooth Private Forest Ensemble method with privacy-preserving
SPAARC Tree-based ensemble with specific structure & adaptive

adjustments
Hoeffding Tree
LMT Logistic Model Trees

Ensemble with optimization techniques
Fast decision tree using reduced-error pruning
Systems Forest, an ensemble of system trees
Extension of the CHAID algorithm

Single-level decision tree

Builds a tree considering a random subset of features

Incremental decision tree using Hoeffding bound

Strong performance, robustness
Quick to build, reasonably accurate
Handles complex data, multiview learning
Handles nominal and ordinal data, multiway
splits
Simple, fast to build

High accuracy, robust, handles noise, and
missing values

Fast, simple, and suitable for large datasets
Adaptive learning, robustness
Preserves privacy, good performance

Adaptive learning, robustness, flexibility

Very fast, suits streaming data

Combines logistic regression & trees, robust

10 of 18

Structural Control and Health Monitoring, 2026

5US91 SUOWILIOD BAIERIO 3|e01 ddke 8 AQ PaUBAOD 312 SOILE WO ‘381 J0 S9N 0 Akeiq178UIIUO AB]IM UO (SUOIPUCO-PUE-SULBIICY' A3 14 ARG [BU1|UO//SANY) SUOIIPUOD PUE SWiS | 341 39S *[9202/80/82] U0 AkeiqiTaulluo AB1IM “BISBAIUN BYSILP L B9INT AQ £/E6TSS/IS/SSTT OT/I0P/W0D S| ARe.q1 pUIUO//SANY WOIS POPeojumoq ‘T ‘920z ‘WS



TABLE 6 | Hyperparameters considered for tree based classifiers.

Classifiers Hyperparameter selected

CS Forest Confidence factor-0.25, minRecLeaf-10, numberTrees-60

Rep Tree Maximum Depth-—1, MinNum-1, Minimum Variance Proportion-0.001, No. of
folds-3, Seed-1, Initial Count-0

SysFor Goodness-0.3, Minimum Rec.Leaf-10, Number of trees-60, Separation-0.3

Forest PA Pruning folds-2, Number of trees-10, Simple cart Minimum Records-2

LMT Minimum no. of Instances-400, No. of boosting iterations- —1

JCHAID Star

J48
Optimized Forest

Minimum instance for split-3, Significance level split-0.05, Minimum number of

objects-0.25

Minimum no. of objects-100, Confidence factor-0.25
Numeration-20, Size of population-20, Random seed-1

RF Depth-0, No. of Features-0, No. of trees-100, No. of Execution Slots-1

Random Tree
Hoeffding Tree
Smooth Private Forest
SPAARC

Decision Stump

K Value-0, Seed-1, Minimum Variance Proportion-0.001, MinNum-1.1
Grace period-200, Split confidence-1E—7, Hoeffding tie threshold-0.05
Forest size-10, Number of display trees-3, Seed-1

Minimum number of objects-2, Pruning folds-5

No hyperparameter defined

The observations from Table 7 (a), (b), and (c) infer that the RF
classifier delivers the maximum classification accuracy of
98.00%, 99.00%, and 97.00% for statistical, histogram, and ARMA
features, respectively.

The consistency of RF across training, cross-validation, and
testing suggests that these models are not only fitting the training
data well but also generalizing effectively to unseen data, which
is a key factor in determining a robust classifier. They are the
most reliable and give balanced performance across the three
categories, thus indicating they are optimal choices. While
several other classifiers exhibit high training accuracy, they tend
to drop in cross-validation or testing phases, indicating potential
overfitting. Among the individual features, histogram features
tend to show higher accuracy of 99.00% than statistical (98.00%)
and ARMA (97.00%) features. The fact that histogram charac-
teristics show remarkable performance can be due to the ten-
dency to eliminate irrelevant information and noise filtering
capability. The decision stump and smooth private forest clas-
sifiers showcased poor accuracies for the complete dataset.

4.2 | Performance Evaluation of Combination of
Features With Tree-Based Classifiers

In ML, feature fusion refers to the combination of information
from various features to improve model performance. This
strategy is very useful since its success is dependent on the in-
dividual goal and the type of data used. Feature fusion has several
advantages, including better information representation, en-
hanced model performance, the capacity to handle different data
sources, decreased overfitting, and fast data integration. Feature
fusion can be accomplished in a variety of methods, including
addition, concatenation, weighted combinations, and attention
procedures. In this study, feature concatenation was used to
generate many combinations, including (i) histogram & statis-
tical, (ii) ARMA & statistical, (iii) histogram and ARMA, and (iv)
histogram, ARMA, and statistical. The performance of tree-based

classifiers for these combinations was evaluated, and the top-
performing classifier for each feature combination is presented in
Table 8 (a)-(d).

Based on the observations derived from Table 8 (a)-(d), one can
infer that the classification performance of combining multiple
features has enhanced the classification accuracy when com-
pared to individual features. The observations state that the
fusion of histogram and statistical features and histogram,
ARMA, and statistical features with RF classifier achieved
100.00% classification accuracy. The overall comparison of the
features, the classifier, and the obtained accuracies is portrayed
in Table 9.

From Table 9, it is evident that the combination of histogram and
statistical features and histogram, ARMA and statistical features
with RF classifier achieved 100.00%. However, the optimal so-
lution would be the fusion of histogram and statistical features, as
this combination can produce the most reliable results with less
information, leading to less time complexity. The combination
integrated the individual strengths and characteristics of statis-
tical and histogram features and enhanced the overall capability
of the model to identify patterns and boost the generalization
capability of the algorithm. The corresponding confusion matrix
of the combined histogram and statistical features is shown in
Figure 8.

The following observations, derived from Table 9, provide
physical explanations for the observed classification
performance:

» Histogram features capture the distribution of vibration
signals and are effective at classifying characteristic pat-
terns. Since different brake fault conditions produce dis-
tinctive vibration distributions, histogram bins effectively
capture these condition-specific patterns. This explains
why histogram features achieved 99.00% accuracy com-
pared to 98.00% for statistical and 97.00% for ARMA
features.

Structural Control and Health Monitoring, 2026
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TABLE 7 | (a)-(c) The classification performance (training, validation and test accuracies) of individual tree classifiers for individual features like
statistical, histogram and ARMA features.

Classifiers Training accuracy (%) Validation accuracy (%) Testing accuracy (%)
(a)

SysFor 99.49 97.24 94.00
SPAARC 98.74 97.74 94.00
Smooth Private Forest 10.77 24.81 4.00
Rep Tree 97.49 95.23 90.00
Random Tree 100.00 97.99 93.00
RF 100.00 97.99 98.00
Optimized Forest 100.00 97.49 98.00
LMT 100.00 98.74 96.00
JCHAID Star 97.74 94.48 91.00
J48 99.49 97.49 94.00
Hoeffding Tree 95.23 93.48 92.00
Forest PA 99.49 97.99 97.00
Decision Stump 20.05 19.79 20.00
CS Forest 96.99 93.98 91.00
(®)

SysFor 98.00 96.00 91.00
SPAARC 99.25 98.00 99.00
Smooth Private Forest 19.25 48.75 13.00
Rep Tree 98.00 96.00 91.00
Random Tree 100.00 96.00 99.00
RF 100.00 97.75 99.00
Optimized Forest 100.00 97.00 99.00
LMT 99.00 97.25 99.00
JCHAID Star 97.50 95.00 91.00
J48 99.75 96.50 99.00
Hoeffding Tree 97.00 95.75 98.00
Forest PA 98.00 97.00 98.00
CS Forest 98.25 96.75 89.00
Decision Stump 20.00 20.00 20.00
©

SysFor 98.75 97.00 94.00
SPAARC 98.50 95.25 98.00
Smooth Private Forest 11.50 35.75 13.00
Rep Tree 96.50 95.50 92.00
Random Tree 100.00 97.50 93.00
RF 100.00 98.25 97.00
Optimized Forest 100.00 97.75 97.00
LMT 100.00 97.75 94.00
JCHAID Star 99.25 95.00 87.00
J48 99.75 98.00 96.00
Hoeffding Tree 85.25 85.25 83.00
Forest PA 99.50 97.50 97.00
Decision Stump 20.00 20.00 20.00
CS Forest 97.75 94.00 94.00
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TABLE 8 | (a)-(d) The classification performance (training, validation and test accuracies) of individual tree classifiers for various combination of
features like histogram and statistical features, ARMA and statistical features, ARMA and histogram features and statistical, histogram and ARMA
features.

Classifiers Training accuracy (%) Validation accuracy (%) Testing accuracy (%)
(@

CS Forest 100.00 98.75 99.00
Decision Stump 20.00 20.00 20.00
Forest PA 99.75 98.75 99.00
Hoeffding Tree 99.00 98.75 96.00
J48 99.75 95.75 97.00
JCHAID Star 98.75 95.00 94.00
LMT 99.75 98.25 98.00
Optimized Forest 100.00 99.00 99.00
RF 100.00 99.00 100.00
Random Tree 100.00 98.00 97.00
Rep Tree 98.25 97.5 94.00
Smooth Private Forest 8.25 42.25 12.00
SPAARC 99.25 98.00 96.00
SysFor 99.75 96.75 97.00
(b)

CS Forest 99.50 97.75 97.00
Decision Stump 20.00 20.00 20.00
Forest PA 99.75 98.75 99.00
Hoeffding Tree 95.25 94.75 92.00
J48 99.75 97.50 90.00
JCHAID Star 99.75 95.00 89.00
LMT 97.25 91.00 97.00
Optimized Forest 100.00 98.75 98.00
RF 100.00 99.00 98.00
Random Tree 100.00 97.50 97.00
Rep Tree 97.00 95.75 92.00
Smooth Private Forest 17.50 42.75 24.00
SPAARC 99.25 98.25 91.00
SysFor 99.75 97.50 93.00
(©

CS Forest 99.50 98.50 97.00
Decision Stump 20.00 20.00 20.00
Forest PA 99.50 98.50 98.00
Hoeffding Tree 98.50 98.25 99.00
J48 99.50 97.75 96.00
JCHAID Star 98.75 95.00 95.00
LMT 100.00 98.25 95.00
Optimized Forest 100.00 98.75 98.00
RF 100.00 99.00 98.00
Random Tree 100.00 97.25 99.00
Rep Tree 97.75 97.00 94.00
Smooth Private Forest 39.75 55.50 37.00
SPAARC 99.75 99.00 98.00
SysFor 99.50 98.00 95.00

(Continues)
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TABLE 8 | (Continued)

Classifiers Training accuracy (%) Validation accuracy (%) Testing accuracy (%)
@

CS Forest 100.00 99.00 98.00
Decision Stump 20.00 20.00 20.00
Forest PA 100.00 98.25 98.00
Hoeffding Tree 99.25 99.00 96.00
J48 100.00 97.00 93.00
JCHAID Star 99.50 94.25 90.00
LMT 99.75 97.25 98.00
Optimized Forest 100.00 99.00 99.00
RF 100.00 99.00 100.00
Random Tree 100.00 97.25 96.00
Rep Tree 98.25 97.75 94.00
Smooth Private Forest 15.25 53.50 10.00
SPAARC 99.75 99.00 96.00
SysFor 100.00 97.25 93.00

« Statistical features capture the global distributional prop-
erties of the signal, and when combined with histogram
features, the combined feature vector provides both mac-
rolevel and microlevel characterization of the vibration
signal, enabling the RF classifier to perfectly separate all 10
brake conditions (1 good + 9 faulty).

« RF builds an ensemble of decision trees using bootstrap
aggregation and random feature subsampling which reduces
variance and prevents overfitting. This is especially bene-
ficial for the multiclass fault classification task with 10
conditions. The training accuracy of 100% with consistently
high validation accuracy (97%-99%) confirms that RF
generalizes well rather than simply memorizing
training data.

4.3 | Comparative Analysis

Table 10 provides a comparison of the state-of-the-art methods
utilized for brake fault diagnosis with the proposed method.
From the observations made from Table 10, one can suggest
that the proposed technique is effective for brake fault
diagnosis.

The proposed method achieves a balance between high di-
agnostic accuracy and lightweight characteristics by carefully

selecting features and employing efficient tree-based classi-
fiers. Specifically, the combination of statistical and histogram
features enhances the model’s ability to capture various aspects
of brake system faults without significantly increasing com-
putational complexity. This multidimensional approach allows
the model to maintain high accuracy while reducing the need
for extensive data preprocessing or large-scale computational
resources. Tree-based classifiers, particularly RF were chosen
for their inherent efficiency and scalability. RF is an ensemble
method that performs well even on moderate hardware,
thereby making it a practical choice for real-time diagnostic
applications. It achieves high accuracy by aggregating results
from multiple decision trees which are relatively lightweight
compared to more complex algorithms like neural networks.
This ensemble approach also helps to mitigate overfitting and
ensures consistent performance across various fault condi-
tions. The emphasis of the study on feature selection using the
J48 decision tree further contributes to a lightweight model. By
selecting the most informative features the model minimizes
redundant data processing which speeds up computation and
helps maintain a streamlined and interpretable model. The
chosen classifiers and feature combinations thus provide
a robust solution that aligns well with the need for both ac-
curacy and computational efficiency. This balance between
accuracy and lightweight characteristics makes the method

TABLE 9 | Performance analysis of the best tree-based classifiers for each feature and their combination.

Features Classifiers Training accuracy (%) Validation accuracy (%) Testing accuracy (%)
Statistical RF 100.00 97.99 98.00
Histogram RF 100.00 97.75 99.00
ARMA RF 100.00 98.25 97.00
Histogram and statistical RF 100.00 99.00 100.00
ARMA and statistical RF 100.00 99.00 98.00
ARMA and Histogram Random Tree 100.00 97.25 99.00
Histogram, ARMA, and statistical RF 100.00 99.00 100.00
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FIGURE 8 | Confusion matrix of histogram and statistical features with RF algorithm.
TABLE 10 | Brake fault diagnosis comparative analysis.
Computational
Accuracy Fault time
Reference Methodology (%) Dataset type classes (s)
[37] Best First Tree 97.81 Same dataset in this 10 0.11
study
[32] Nu-Support Vector Machines 98.36 Same dataset in this 10 —
(Nu-SVM) study
[38] K_C4.5 95.71 Custom Dataset 0.02
[12] Random Forest 94.47 Custom Dataset 0.35
[39] Bayesian Network 80.56 Custom Dataset — —
[32] C-Support Vector Machines (C-SVM) 98.72 Same dataset in this 10 —
study
[40] Random Forest 94.92 Custom Dataset 11 —
[41] Gradient Boosting 95.90 Custom Dataset 5 0.22
Proposed RF (Feature Combination) 100.00 0.02

suitable for deployment in real-world settings where compu-
tational resources may be limited but reliable and timely fault
diagnosis is crucial. The findings from the experiments reveal
the efficacy of the proposed method.

5 | Conclusion

This study presents a comprehensive approach to brake fault
diagnosis, achieving high accuracy through the combination
of statistical, histogram, and ARMA features processed by
tree-based classifiers. The findings showcase the effectiveness

of the RF classifier which achieved 100% accuracy when using
combined statistical and histogram features. This demon-
strates the feasibility of developing highly reliable and effi-
cient diagnostic systems for brake faults. The proposed
method not only provides a robust solution for early fault
detection but also addresses computational efficiency, making
it suitable for real-time applications. The approach offers
valuable insights for enhancing vehicle safety and mainte-
nance practices by allowing for timely interventions based on
accurate fault diagnosis. The main findings of the study are
detailed as follows:
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« The RF classifier achieved the highest individual classifi-
cation accuracy of 98.00%, 99.00%, and 97.00% for statistical,
histogram, and ARMA features, respectively.

+ Histogram features outperformed other individual feature
types, attributed to their noise-filtering capability and ef-
fective capture of vibration distribution patterns.

« Feature combination using histogram and statistical fea-
tures with the RF classifier achieved 100.00% classification
accuracy on the test dataset.

+ The full combination of histogram, ARMA, and statistical
features with RF also achieved 100.00% accuracy, but the
histogram and statistical combination was identified as
optimal due to lower computational complexity.

« The proposed method achieved a computational time of
0.02 s, which is equivalent to or faster than all comparison
methods in Table 10, making it suitable for real-time brake
fault diagnosis.

« The study successfully diagnosed 10 brake conditions (1
good + 9 faulty) across both disc and drum brake types,
representing a broader fault coverage than most prior
studies.

o Decision Stump and Smooth Private Forest classifiers
consistently underperformed across all feature types and
combinations, confirming their unsuitability for this mul-
ticlass fault diagnosis task.

Future work could focus on enhancing model explainability to
offer more transparent diagnostic insights. Additionally, ex-
ploring temporal modeling techniques could provide a deeper
understanding of fault progression over time. Expanding the
model to other mechanical systems could also enhance its ap-
plicability beyond vehicle brake systems, potentially benefiting
industries where fault diagnosis and predictive maintenance are
critical. Overall, this study contributes a novel, scalable, and
accurate approach to brake fault diagnosis, with implications for
improving automotive safety and operational reliability.

5.1 | Limitations and Future Work

While the proposed model achieves high accuracy in brake fault
diagnosis, there are several limitations to consider. First, the
model’s reliance on combined statistical, histogram, and ARMA
features, while effective, can increase computational demands (if
feature selection is not carried out), potentially limiting its real-
time applicability in resource-constrained environments. Addi-
tionally, while tree-based classifiers offer robust performance,
they may lack the explainability of simpler models, posing
challenges in understanding specific feature contributions and
interactions. Another limitation lies in the focus on a specific set
of brake fault conditions under constant environmental and
operational conditions. Future research could explore a broader
range of fault types or adapt the model to other mechanical
systems to assess its generalizability. Temporal insights are also
somewhat limited in this study; hence, incorporating more ad-
vanced temporal analysis techniques could provide a deeper
understanding of fault progression over time. Future work could
address these limitations by exploring alternative feature ex-
traction methods or incorporating hybrid models that balance
accuracy with interpretability. Furthermore, integrating real-

time data processing capabilities and examining the model’s
scalability in diverse operational contexts would enhance its
practical applicability. Expanding the scope to include other
diagnostic techniques, such as acoustic or thermal analysis, could
also provide a more holistic approach to fault diagnosis in
complex mechanical systems.
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