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ABSTRACT This study presents a non-intrusive approach for tire type classification using pass-by noise
recorded from a single roadside microphone. Unlike camera-based or sensor-based systems, the proposed
method enables contactless monitoring under real traffic conditions without requiring any modifications to
the vehicle. The approach is based on the assumption that tire—road interaction produces characteristic
acoustic patterns that can be used to distinguish between different tire types. The recorded signals are first
filtered using a 400—-5000 Hz bandpass filter to focus on the most informative frequency range. They are then
segmented using fixed window sizes with overlapping intervals and transformed into Log-Mel spectrograms
to represent their time—frequency structure. The effects of window size, overlap, and preprocessing
parameters are systematically investigated. Data augmentation is applied using a polyphase-based
downsampling strategy to increase variability. The framework is evaluated on the TyRoN Tyre Road Noise
dataset using a Leave-One-Group-Out validation strategy to evaluate performance across different
operational conditions. The best results are obtained with a hybrid approach combining ResNet-based feature
extraction and an Extra Trees classifier, achieving up to 96.88% accuracy across six tire classes.

INDEX TERMS: Pass-by noise, tire classification, spectrogram, machine learning, deep learning, hybrid ML

architecture

I. INTRODUCTION

Road safety remains a critical challenge in modern
transportation systems. Despite continuous advancements
in vehicle automation and advanced driver assistance
systems, accident rates associated with loss of traction,
reduced braking performance, and adverse weather
conditions remain significant [1], [2], [3].

In this context, the condition and type of tires represent a
fundamental yet often under-monitored safety factor.
Incorrect tire selection (e.g., summer tires used under
winter conditions), excessive tread wear, or the use of non-
compliant tire types can significantly increase braking
distance, reduce traction, and compromise vehicle stability
[4], [5]. Previous studies have shown that tread depth and
seasonal tire mismatch substantially influence wet braking
performance and accident probability [6], [7], [8].

In many countries, including Germany, seasonal tire
regulations are enforced to improve safety during adverse
weather conditions. However, current enforcement
mechanisms rely primarily on manual inspection during
roadside checks. This approach is time-consuming,
subjective, and not scalable for large traffic volumes [9],
[10].

Several studies have employed computer vision techniques
to analyze tire tread patterns and estimate wear conditions
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using convolutional neural networks. While these camera-
based approaches can achieve high classification accuracy
under controlled conditions, they are often sensitive to
lighting variations, occlusion, dirt contamination, and
camera angle. In addition, reliable detection typically
requires low vehicle speeds or stationary inspection setups,
limiting their applicability in real-world traffic scenarios
[11],[12],[13],[14].

Beyond vision-based systems, alternative approaches such
as Tire Pressure Monitoring Systems (TPMS) [15],
vibration-based tire condition monitoring [16], and
embedded smart tire sensors [17] have been investigated.
However, these methods generally require direct
instrumentation, vehicle integration, or sensor installation,
which restricts scalability for large-scale traffic monitoring
applications.

Tire-road interaction produces characteristic acoustic
signatures. Underlying noise generation mechanisms
include tread block impact excitation, air pumping effects
in tread gaps, adhesion-slip events at the contact surface,
and structural vibrations of the tire carcass [18], [19].
Collectively, these mechanisms produce distinct spectral
and temporal features in the emitted noise signal. When
captured using roadside crossing measurement devices,
these acoustic emissions naturally encode distinctive
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information about tire structure and surface characteristics
without the need for direct visual access or vehicle
instrumentation [20]. Unlike camera-based systems or
embedded smart sensors, acoustic monitoring enables non-
intrusive and contactless data collection under realistic
traffic  conditions. Consequently, these acoustic
fingerprints offer a scalable and infrastructure-based
opportunity for automated tire classification in dynamic
traffic environments [21], [22]. These measurable acoustic
characteristics form the basis for data-driven learning
models capable of distinguishing between different tire
types under real-world operating conditions. Integrating
Al-based tire detection into intelligent transportation
systems (ITS) could enable large-scale, automated
compliance monitoring, early risk detection, and data-
driven traffic safety strategies [23], [24], [25], [26].

While there is growing interest in tire assessment, most of
the existing techniques rely on computer vision or other
sensor-based inspection setups. These require the car to be
stationary or to be measured in a controlled environment.
This limits their usefulness in real-world traffic monitoring
situations. A pass-by audio tire classification setup, where
a car’s tires can be classified only using a roadside
microphone, is a non-intrusive, low-cost, and deployable
framework. It not only enables tire classification but also
avoids complex sensors, vehicle-mounted hardware, or
standstill inspection procedures, supporting future scalable
roadside tire monitoring applications.

In sound-based classification  approaches, some
preprocessing steps are used to improve the quality of the
signal, emphasize discriminative time-frequency structures
and increase stable performance of learned features under
varying conditions. Bandpass filters are frequently used to
remove unwanted frequencies while preserving the band
with the most discriminative features. This initial
conditioning step is often used to filter out low and high-
frequency artefacts while preserving the mid-band where
discriminative noise is most informative [27], [28], [29].
Numerous studies use spectrogram representation in
acoustic scene and environmental sound classification
using spectrograms either as a direct machine learning
inputs or to enable CNN-based architectures to learn
discriminative time-frequency patterns. Their results
establish spectrogram-derived features as a robust and
widely viable preprocessing step in audio recognition
across diverse conditions [30], [31], [32], [33], [34], [35].
To increase data size, polyphase-style down-sampling
augmentations can be used to generate additional samples
with complementary phase components. The additional
training views around the same underlying signal preserve
the original samples' core while expanding the database
without creating exact duplicates. This is supported by
formal polyphase signal-processing and empirical
augmentation studies showing the improved performance
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of time-series datasets structured
transformations [36], [37].

In the area of audio classification, traditional machine
learning as well as convolutional neural networks are
frequently used to learn discriminative patterns either
directly from the data or from engineered features and
spectrogram representation. When pipelines produce fixed
handcrafted feature vectors, classical machine learning
methods are often employed as they offer strong
performance and fast training/inference. Particularly, tree-
based ensemble methods such as LightGBM, XGBoost,
Random Forest, and Extra Trees have found wide adoption
due to their promising generalization under limited data
[38], [39], [40], [41].

On the CNN side, spectrograms are often used as an image-
like input for acoustic event and sound classification,
spanning applications using pass-by noise for roadside
monitoring to speech processing. This enables established
architectures such as LeNet or AlexNet, but also modern
feature extraction backbones like ConvNext, EfficientNet,
and ResNet to learn discriminative patterns in the
spectrogram on a local and global scale [32], [42], [43],
[44], [45]. Recently, transformer-based audio models such
as AST and BEATs have shown strong performance in
acoustic classification tasks by capturing long-range
temporal dependencies. However, these architectures
typically require larger datasets and higher computational
resources. Therefore, this study focuses on lightweight
CNN and hybrid approaches suitable for limited-data and
roadside deployment scenarios[46], [47].

To leverage the strengths of CNNs' ability to extract
meaningful patterns from spectrogram time-frequency
representations and the efficiency of classical machine
learning algorithms when working with handcrafted feature
vectors, many sound classification studies use hybrid
approaches. These combine the deep feature extraction
with lightweight decision models to improve accuracy and
promising generalization, as demonstrated in studies using
a mix of CNNs and ensemble learners or SVMs [48], [49],
[50].

Table I summarizes the closest related work.
Kongrattanaprasert [24] uses pass-by noise from vehicles
traveling at 30 — 60 km/h on dry or wet roads. He
distinguishes between winter and summer tires using a
simple autocorrelation-based thresholding method rather
than deep learning in a binary classification problem. The
author reports 100% accuracy in a one-hour experimental
setup. Demetgul et al. [49] shared their initial results in
earlier studies, which laid the foundation for the present
work. In this study, a classification accuracy of 90% was
achieved using only machine learning algorithms; however,
this performance was found to be insufficient [S1]. Meng et
al. [48] utilize pass-by noise to classify vehicle type, speed
range, and movement direction. By using MFCC
spectrograms in a hybrid ResNet50 combined with a

expanded using
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LightGBM setup, they report accuracy up to 99% on the
IDMT-Traffic dataset, demonstrating the feasibility of
pass-by noise-based classification. Ashhad et al. [25] also
use pass-by noise from the IDMT-Traffic dataset to classify
vehicle sub-types such as car, truck, motorcycle, and no
vehicle. The authors employ a CNN to classify MFCC,
GFCC, and mel-spectrogram-based samples, reporting
accuracies of up to 98.95%, extending the research done on
the IDMT-Traffic dataset. Taking together, these prior
works show the feasibility of using pass-by noise for
classification. While they report high accuracies, [25], [48]
are not tire-focused and instead perform related vehicle
classification. Kongrattanapraserts [24] work is restricted
to a simple binary classification setup, using a simple
autocorrelation approach.

TABLE I: COMPARES RELATED WORK TO OUR
CONTRIBUTION

Ref. Method
[24] Pass-by acoustic tire-
noise analysis;
autocorrelation-based
threshold classifier

Contribution Acc.
Acoustic tire-type 100%
classification of
winter and summer
tire. Same vehicle,
road, and no
acceleration
Classification of 99%
vehicle type, speed
range, and movement
direction from pass-
by audio using the
IDMT-Traffic dataset
Classified 6 tire types 90%
and 2 pressures
solely using pass-by

[48] | Classification of MFCCs
using hybrid ResNet50 +
LightGBM setup

[51] Used Log-Mel
spectrogram-based
classification using ML

algorithms vehicle noise on the
TyRoN dataset
[52] Signal-processing-based Classified studded 96.5%
passenger-car detector, vs. non-studded
Log-Mel-spectrogram passenger-car tires
features, and SVM / from in-road acoustic
MLP classifiers recordings
Ours Log-Mel spectrogram- Classified 6 tire types | 96.88%

based classification
using ML, CNN, and
hybrid architectures with
strict LOGO validation

solely using pass-by
vehicle noise
recorded from a
single roadside
microphone under
multiple vehicles,
road surfaces, speed
ranges, and
acceleration
conditions

Unlike many existing studies that focus on vehicle
classification, binary tire categorization, or controlled
sensor-based inspection setups, this work investigates a
more challenging multi-class tire classification problem
using only pass-by noise recorded from a single roadside
microphone. Rather than proposing a fundamentally novel
neural network architecture, the contribution of this study
lies in the systematic integration and evaluation of signal
processing, handcrafted feature engineering, CNN-based
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feature learning, and hybrid feature fusion within a realistic
roadside monitoring framework.

To fill this gap, this work makes the following
contributions. First, it extends the existing literature by
addressing a more challenging six-class tire classification
problem using only pass-by noise recorded from a single
roadside microphone, enabling a non-intrusive and
potentially scalable monitoring framework. Second, a
comprehensive framework is proposed that combines
signal processing, handcrafted feature extraction (Log-Mel
spectrograms and PCA), and deep learning-based
representations, allowing a systematic comparison between
classical machine learning, convolutional neural networks,
and hybrid approaches.

Third, we demonstrate that a hybrid architecture combining
deep feature extraction with ensemble-based machine
learning significantly improves classification performance
under the evaluated operational conditions.

To improve robustness and provide a more realistic
assessment of generalization, the dataset was collected
under diverse real-world conditions, including multiple
vehicles, road surfaces, varying speed ranges, and different
acceleration profiles.

In addition, a strict Leave-One-Group-Out (LOGO)
validation strategy was employed, where each test split
consists of entirely unseen operational conditions. This
setup prevents data leakage and provides a more realistic
assessment of generalization across evaluated operational
conditions.

The dataset includes measurements from four different
vehicles (Volkswagen ID.4, Porsche Taycan, Volkswagen
e-Golf, and Audi Q8) under multiple speed ranges (45-80
km/h, 80—-100 km/h, and 100—120 km/h) and acceleration
levels (1, 2, and 3 m/s? at 50 km/h).

Furthermore, six different tire types are considered,
enabling a realistic and diverse evaluation scenario. Recent
work has demonstrated the feasibility of tire-road analysis
when implemented as an end-to-end pipeline, covering data
acquisition, signal processing, feature engineering, and
model inference [53].

Building on this foundation, the proposed framework
leverages pass-by acoustic measurements as a non-
intrusive alternative to vision-based or sensor-based
approaches. Unlike close-proximity methods requiring
vehicle-mounted sensors, this approach enables scalable
data acquisition under real traffic conditions while
preserving discriminative tire—road acoustic signatures
[48].

The remainder of this paper is organized as follows. Section
2 describes the data collection and preprocessing pipeline.
Section 3 presents the experimental methodology,
including pre-experiments and model configurations.
Section 4 discusses the results, and Section 5 concludes the

paper.
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Il. DATA PREPARATION

The following chapter details the dataset and preprocessing
pipeline used for our main line of experiments. First, we detail
how our dataset was recorded, including vehicles, driving
scenarios, and classes. The chapter then explains the entire
preparation pipeline covering window extraction, band-pass
filtering, Log-Mel spectrogram generation, augmentations,
and PCA for the classical machine learning models.

A. DATA COLLECTION

The data used in this project were recorded in the TyRoN Tyre
Road Noise research project, which investigates tire-road
noise under controlled conditions. The data were recorded on
two different roads: one ISO 10844-compliant test surface and
one non-ISO asphalt surface, enabling evaluation under both
standardized and real-world road conditions. Four different
cars were used to record the data: a Volkswagen ID.4, a
Porsche Taycan, an Audi Q8, and a Volkswagen e-Golf. Six
different tires were used across these four vehicles to record
the data, including Continental PremiumContact 6 AO (Pre),
Continental EcoContact 6 Q (Eco), Hankook Ventus S1 evo3
(Ven), Pirelli P Zero R (Pze), BF Goodrich Summer RTT
(Sum), and Uniroyal Rainsport 5 (Rain). Figure 1 shows the
vehicle, tire, and location setup for our data collection. The
measurements were taken at different speeds and
accelerations.

Audi Q8 e-tron VWID.4

Porshe Taycan VW e-GOLF

Vehicles

Continental BF Goodrich
PremiumContact SRTT
6 A0
w
o Continental i Hankook
B EcoContact 6 Q Ventus S1 Evo3
pirelli Uniroyal
P ZeroR Rainsport 5
ISO 10844 Asphalt Non ISO Asphalt
w
&
2
]
T
v
o
-

FIGURE 1: The vehicle, tire, and location setup used for recording the
data.
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From constant speed driving at 45 km/h, 50 km/h, 60 km/h, 80
km/h, and 100 km/h, to dynamic speeds starting at 50 km/h
with accelerations of 1 m/s?, 2 m/s?, and 3 m/s?. This recording
setup ensures capturing both stationary and transient tire-road
interaction effects.

While the broader TyRoN Tyre Road Noise research data
includes several sensing modalities, such as tire cavity
microphones, roadside arrays, and thermal measurements, this
work focuses solely on the pass-by noise recorded by a
stationary microphone. This enables the investigation of a
low-cost and non-intrusive tire classification framework under
realistic traffic conditions.

B. SAMPLE PREPARATION

Figure 2 shows a 3x3 matrix of a few raw noise recordings.
These signals make up the raw basis of our data used to train
different models in our main line of experiments. After a data
cleaning process including the removal of invalid files and
duplicate files and a harmonization of channel names, a total
of 207 recordings were ready for preprocessing. To increase
the sample count, a windowing strategy was adopted. By using
shifted 2s windows, multiple samples could be extracted per
file. An overlap of 60% was used for our main line of
experiments; a pre-experimentation study, detailed later in the
Methodology chapter, determined these optimal parameters.
This strategy increases the number of usable samples while
preserving temporal continuity. Since tire-road noise signals
are nonstationary and continuous, and their spectral
characteristics may vary within one pass-by recording, this
strategy was particularly beneficial.
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FIGURE 2: The raw waveforms of our tire-pavement interaction noise.

By extracting multiple overlapping segments, the dataset is
enriched through the generation of partially overlapping signal
segments. This results in a total of 1,082 samples. After
window extraction, each signal segment was filtered by
applying a fourth-order Butterworth band-pass filter. The
cutoff frequencies were set between 400 Hz and 5000 Hz,
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suppressing very low- and high-frequency components,
emphasizing the information-rich mid-section for the targeted
classification task. While the signal is not completely cut off
at these values, the signal surrounding them is gradually
weakened. This step further contributes to the spectrogram
generation, detailed in a later section, by reducing spectral
contributions outside the region of interest.

The selected 400-5000 Hz range was motivated by prior tire-
road noise studies and preliminary spectral investigations on
the TyRoN dataset [54]. Previous studies have shown that
discriminative tire-road interaction patterns are predominantly
concentrated within the mid-frequency region, while low-
frequency components are often dominated by vehicle body
vibrations and environmental noise. Preliminary spectrogram
analyses further indicated that the selected range contains the
most discriminative tire-dependent acoustic patterns across
the investigated tire classes [55], [56], [S7].

C. POLYPHASE AUGMENTATIONS

Since CNNs usually require a large amount of data for
training, we already applied a windowing approach, increasing
our sample count from 207 files to 1,082 data examples. To
further increase the diversity of the training data, we employ
an optional polyphase down-sampling augmentation in some
lines of our main experiments. The intuition is to artificially
reduce a sensor sampling rate by 50%, preserving the general
frequency patterns while losing some of its fine-grained
information. Figure 3 illustrates a representative example of
the data collection setup.

s

Roadside Mic
FIGURE 3: Roadside pass-by noise data collection experimental setup.

For each window, we split the signal into even- and odd-
indexed samples. This produces two additional versions of the
same segment. While their general structural pattern remains
the same, we create additional highly similar samples without
directly copying the original. Accordingly, the augmented
samples are not intended to represent statistically independent
observations but rather to improve the robustness of the
models against small phase variations while preserving the
physical characteristics of the original tyre-road noise signals.
This is specifically attractive in this low-file setting, since it
does not require synthetic spectral manipulations and remains
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closely tied to the underlying waveform. Starting from 1,082
base datapoints, we increase the total number of training
samples to 3,246.

During the subsequent LOGO evaluation, the augmented
samples retain the operating-condition label of their
corresponding  original recording. Consequently, all
augmented samples belonging to the held-out speed or
acceleration condition remain exclusively within the
corresponding test set, while augmented samples from the
remaining operating conditions are used only for training. This
ensures that no augmented samples originating from the held-
out operating condition are included in the training data.

D. SPECTROGRAM GENERATION
After the band-pass filtering step and the creation of optional
augmentations, we transform each window into a Log-Mel
spectrogram representation. This step is directly beneficial for
our main line of experiments in two different ways. By
compressing the raw waveform into a structured time-
frequency description, the resulting representation can be
simultaneously used for our ML and CNN lines of
experiments. On the ML side, the extracted frequency
dimensions can be used directly as handcrafted vectors for
further processing and later classification. On the CNN side,
the 2D image representations are used as the input, so a
convolutional architecture can learn discriminative patterns in
the image-like data. Figure 4 shows a time-frequency
representation of an EcoContact 6Q sample.

60

50

30

mel bins

20

10

0 50 100 150 200 250 300 350
time frames

FIGURE 4: An EcoContact 6Q sample converted to a Log-Mel
spectrogram representation.

E. DIMENSIONALITY REDUCTION

For the classical machine learning models, principal
component analysis (PCA) is applied after Log-Mel
spectrogram  generation. Each  flattened Log-Mel
representation contains 12,032 features.

The reduction of this high-dimensional representation serves
two purposes: It suppresses redundancy of feature dimensions
and reduces the number of input features to improve the
tractability of the tree-based model architecture. After
applying PCA, the representation is reduced to 50
components. In contrast, PCA is not used for the CNNss, since
they can directly operate on the 2D spectrogram tensor. The
preprocessing pipeline, therefore, branches after Log-Mel
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spectrogram generation, depending on the model family later
used.

To summarize, the data preparation pipeline transformed the
raw TyRoN pass-by noise recordings into a structured data set
for our tire-classification problem. Starting from 207 valid
HDFS files, which were acquired on 4 vehicles and 2 different
roads, the audio signals were windowed into 2-s samples with
60% overlap, resulting in 1,082 band-pass filtered base
samples for our non-augmented lines of experiments. By using
augmentations, we increased this number to 3,246 data points.
The base and the augmented samples were then transformed
into Log-Mel spectrogram representations. For the classical
machine learning models, PCA was applied to reduce
dimensionality, whereas the CNNs used the image-like
representations directly. The resulting dataset was used in our
main lines of experimentation, as detailed in the following
methodology section.

lll. Methodology

The following chapter describes the experimental
methodology, starting with an overview of our overall
workflow, our decision to use a strict Leave-One-Group-Out
(LOGO) approach, the pre-experiments that defined key
parameters, and finally, our three main lines of experiments.
The central objective was to directly compare classical
machine learning techniques, CNN-based architectures, and
a hybrid classification setup on the same data to explore the
feasibility of tire-classification based solely on pass-by
noise. The overall workflow is illustrated in Figure 5. All
experiments were conducted in Python using VS Code and
PyTorch/TensorFlow on a workstation equipped with two
NVIDIA RTX 6000 Ada Generation GPUs (48 GB VRAM
each). To improve reproducibility, fixed random seeds were
used throughout the experiments.

The raw audio recordings are first preprocessed using Log-
Mel spectrogram conversion, as detailed in the data
preparation chapter. Afterwards, they are split into train/test
LOGO setups, which will be discussed in the following
section. Finally, our three model families are trained and
evaluated wunder identical conditions, which allows
consistent and controlled comparison of their performance.

B. LOGO(Leave-One-Group-Out)

To obtain a reliable evaluation, a strict LOGO strategy was
adopted. This choice is essential because window-based
sampling can otherwise introduce data leakage, as
neighboring or overlapping windows from the same
recording may contain highly similar information. For this
reason, the split was performed strictly at the condition level,
ensuring that no file contributed samples to both the training
and test sets. In addition, recordings collected under the same
operating conditions, such as identical speed or acceleration
settings, can also be very similar across files. To prevent this
second form of leakage, complete condition groups were
held out during testing. As a result, the model is always

VOLUME XX, 2017

evaluated on entirely unseen speed or acceleration groups,
which provides a more realistic assessment of generalization
across operating conditions.

Each operating condition consists of multiple independent
pass-by recordings rather than a single recording. Depending
on the operating condition, the number of recordings varies,
with at least 10 independent recordings available for every
condition.

Raw Audio
Recordings

!

Preprocessing

|

Log-Mel
Coefficients

{ }

LOGO Split:
Train Data

LOGO Split:
Test Data

[ J

: | ¢

Convolution
Neural
Networks

| { J

Eco Rain Pre Pze Ven Sum

Machine

Learning Hybrid

Tires

Figure 5: The pipeline of our main line of experiments.

During each LOGO evaluation, all recordings belonging to
the selected speed or acceleration group are assigned
exclusively to the test set, while recordings from all
remaining operating conditions are used for training.

For overall comparison, evenly weighted averages across
LOGO groups are reported in Table II. However, these
aggregate values must be interpreted with care, since some
groups are inherently easier than others when more similar
conditions are represented in the training set. Therefore,
detailed per-group results are additionally reported in the
results section and discussed further in the limitations
section.

Eight distinct LOGO setups were created from the data, as
detailed in the data preparation chapter: 45 km/h, 50 km/h,
60 km/h, 80 km/h, and 100 km/h, and dynamic speeds
starting at 50 km/h with accelerations of 1 m/s?, 2 m/s? and
3 m/s% In each setup, one of those groups is chosen as the
test data, and the rest provide the training data for the models.
This is beneficial as in most setups, the model is evaluated
on previously unseen operational conditions rather than only
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unseen windows. Metrics are first calculated for each of the
eight LOGO classes individually.

TABLE II: TABLE TRAIN AND TEST SAMPLE
DISTRIBUTIONS FOR EACH INDEPENDENT LOGO
EVALUATION

LOGO Train Test Train Test Ratio
Setup Samples Samples Ratio

1 m/s? 965 117 89.19% 10.81%

2 m/s? 964 118 89.09% 10.91%

3 m/s? 957 125 88.45% 11.55%
45 km/h 771 311 71.26% 28.74%

50 km/h 662 420 61.18% 38.82%

60 km/h 1014 68 93.72% 6.28%

80 km/h 927 155 85.67% 14.33%
100 km/h 954 128 88.17% 11.83%

Each row represents an independent LOGO evaluation rather
than a single partition of the complete dataset. For example,
in the 45 km/h LOGO setup, all 311 samples acquired at 45
km/h constitute the test set, whereas the remaining 771
samples collected under all other operating conditions are
used for training. The same procedure is repeated
independently for every speed and acceleration condition.
Consequently, the train/test ratios differ across LOGO setups
because the number of available samples varies between
operating conditions.

They are evenly weighted across classes in the
corresponding test split. For easier comparison, the resulting
8 LOGO macro metrics are then averaged across all setups
again. Both the per-LOGO split and the combined numbers
are reported in the Results chapter. To evaluate robustness
across operational conditions, all models were evaluated
independently on eight different LOGO setups, and
accuracy, precision, recall, F1-score, and confusion matrices
were analyzed across the different test conditions. For
compact presentation, averaged metrics across the LOGO
conditions are reported for most models. In addition, detailed
condition-level results are explicitly presented for
representative architectures in Figures 8, 10, and 12,
illustrating performance variability across different
operational conditions.

C. Pre-Experiments

Before starting the main line of experiments, several key
design choices had to be established. Two main preliminary
studies will be presented in the following section. These were
implemented to reduce arbitrariness in parameter choice and
to provide a heuristic for optimal hyperparameter setup.
Since the segmentation strategy, feature representation,
overlap ratio, and window length affect the number and
mutual similarity of extracted samples, we investigated the
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optimal overlap ratio and window length before continuing
with our final configuration. To investigate the influence of
acoustic feature representation and temporal segmentation
on the separability of tire classes, several pre-experiments
were conducted before defining the final configuration.
Different feature representations, including raw waveform
signals, Log-Mel spectrograms, and MFCC-based features
with delta and delta-delta coefficients, were evaluated using
PCA-, UMAP-, and HDBSCAN-based embedding analysis.
As shown in Fig. 6(a), raw waveform representations
produced highly mixed embedding structures with limited
class separation. Although the Log-Mel representation
combined with HDBSCAN-based clustering improved the
compactness of several tire-dependent acoustic manifolds,
noticeable overlap between classes still remained, as
illustrated in Fig. 6(b). Furthermore, temporal window
lengths of 4 and 6 seconds were investigated to assess their
effects on cluster compactness and inter-class separation.
The comparison between Fig. 6(c) and Fig. 6(d)
demonstrates that shorter temporal windows yield less
compact clusters, whereas excessively long windows
produce fragmented embedding structures. Among the
investigated configurations, the 6-second window provided
the best balance between compact cluster formation and
inter-class separation. Therefore, additional window-length
experiments were later conducted within the supervised ML
and CNN pipelines to determine the final configuration used
in the main experiments.
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Figure 6: The Acoustic embedding analysis for different feature
representations and temporal window lengths.

These observations demonstrate the complexity of tire-
dependent acoustic manifolds and motivate the use of
supervised machine learning and deep learning approaches
for effective classification.

Second, an overlap study was conducted to find the optimal
overlap ratio for window-based sample extraction. We tried
to balance sample density and information redundancy. We
trained LightGBM on our base dataset without augmenting
the data samples. Window length was fixed to 4 s, the
evaluation was done using the full LOGO procedure

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3714728

IEEE Access

Multidisciplinary ; Rapid Review : Open Access Journal

described above. The model was configured with a learning
rate of 0.05, 63 leaves, unrestricted tree depth, subsample,
and column-sampling ratios of 0.9 in a multiclass
classification setup. A random seed of 42 was used to ensure
reproducibility. Training was done over 5000 boosting
rounds, with early stopping. The overlap ratios explored
were 50%, 60%, 70%, 80%, 90%. Since we were operating
on limited amounts of data, the goal was to generate as many
samples as possible while finding an optimal trade-off
between sample count and avoidance of information
redundancy. As visible in Figure 7, the best accuracy was
achieved with a 90% overlap ratio with 90.02%, closely
followed by the 60% overlap ratio with 88.01%.

Average Metrics per Model (across all runs)
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Figure 7: The Results from our overlap comparison

Since 90% overlap results in a strong overlap among samples
and 60% overlap still achieved strong results, we continued
with the second setting, since it yielded the best trade-off
between sample count and avoidance of in-sample
information redundancy. After establishing a fixed overlap
ratio of 60% moving forward, another round of pre-
experiment was conducted to determine the optimal temporal
window length. The objective was to identify a segment
length that preserves sufficient discriminative information
while remaining small enough to yield a high sample count.
This was especially important for our CNN line of
experiments, as they are known to require large amounts of
input data. Therefore, this study was conducted using
LightGBM and EfficientNet-B0. In both cases, polyphase
augmentation was disabled, and the full LOGO procedure
was applied. On the EfficientNet side, the training was
performed over 30 epochs with a batch size of 32 and a
learning rate of 1e-4. The five window sizes compared were
1s,25s,3s,4s,and 5 s, as visible in Figure 8a and b.
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Figure 8: The Results from our window size comparison

For LightGBM, the strongest results were obtained for 2s
windows with an accuracy of 91.48%. EfficientNet’s best
performance was with 1 s windows with 90.36%, closely
followed by 2 s with 88.47%. In terms of F1-score, the 3s
window performed best for LightGBM and the 1s window
for EfficientNet. Considering both families jointly, 2 s
windows were selected as the final configuration for the
main experiments, as they showed strong performance
across both cases. Furthermore, a single window size allows
us to make direct comparisons of a unified training setup.
Together with the previously established 60% overlap, this
concludes our pre-experimentation phase, which established
key data metrics for our main lines of experiments as detailed
in the next section.

D. Main Experiment I: Classical Machine Learning

This section investigates how classical machine learning
algorithms perform on a tire classification task using solely
pass-by noise as an input feature. It’s a six-class
classification problem, with the data being split into a LOGO
setup as detailed earlier. This experiment serves as a baseline
reference against the CNN and hybrid approaches, which
will be detailed later. The inputs consist of 50 handcrafted
feature representations, a result of the Log-Mel spectrogram
and PCA preprocessing steps. Four classifiers are compared,
namely LightGBM, XGBoost, RandomForest, and
ExtraTrees; a random seed of 42 was set wherever possible.
LightGBM was configured with 5000 estimators, 0.05
learning rate, 63 leaves, unrestricted depth, subsample, and
column sample ratios of 0.9. The settings for XGBoost were,
namely, maximum depth of 8, learning rate of 0.05,
subsample and column sample ratios of 0.9, mlogloss
evaluation metric, and histogram-based tree construction.
RandomForest used 1000 trees, unrestricted depth, minimum
split size of 2, minimum leaf size of 1, square-root feature
sampling, and bootstrap sampling. The same setup was used
for ExtraTrees, but without bootstrap sampling.
Performance was computed for each LOGO setup
individually, then averaged evenly weighted. We trained the
classical models in two main setups: First, using the normal
database and secondly by adding the additional augmented
samples from the polyphase augmentation as described in the
Data Preparation chapter. Tracked metrics for all three
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experiments included accuracy, precision, recall, and fl-
score. This experimental block was designed to quantify the
performance achieved by classical machine learning models
in a tire classification problem, and serves as a baseline for
later comparison with our CNN-based and hybrid
approaches.

E. Main Experiment IlI: Convolutional Neural Networks
The second main experiment block investigates how trained
CNNs perform in the given tire classification task. The
networks learn directly from the Log-Mel spectrogram
representation by studying discriminative spatial patterns
directly from the two-dimensional time-frequency structure.
The purpose was to evaluate whether CNN-based
approaches can provide an advantage over the classical
machine learning algorithms. All CNNs directly received the
structured input representations, allowing the CNNs to
exploit correlations that are not explicitly modeled in the flat
representations used by the machine learning algorithms.
Four architectures were compared in this experiment,
namely LeNet, ResNetl8, ConvNext-Tiny, and
EfficientNet-B0O. These networks were selected to cover a
range from simple convolutional designs to advanced
architectures. Since the dataset is relatively compact, the
appropriate smaller architectures from within each family
were chosen, wherever possible. To ensure a fair
comparison, all four models were trained under the same
setup: learning rate of le-4, batch size of 32, and a total of
30 epochs. The loss function, cross-entropy loss, was used in
all four cases. The data split was performed according to the
LOGO setup detailed earlier. As in the machine learning
setup, metrics were first calculated per LOGO class and then
averaged for easier comparison. This parallel approach
ensures comparability between CNN- and ML-based results.
This also applied to the dataset variants that the models were
trained and evaluated on. In the base configuration 1,082
samples were present, which were increased to 3,246
samples in the augmented setup. This experiment was
performed to investigate whether direct convolutional
feature learning on image-like representations yields an
advantage over the classical machine learning algorithms. It
forms the second major comparison line of the study.

F. Main Experiment lll: Hybrid Network

The final main experiment explores a hybrid architecture. It
combines deep feature extraction with a classical machine
learning model. The aim was to test whether the
complementary strengths of both families can improve
performance beyond what they can do individually. On the
one hand, convolutional neural networks are well-suited to
learn structured and discriminative patterns from the
spectrogram representations; on the other hand, tree-based
classifiers bring robustness and a training behavior that can
work well with smaller numbers of samples. The motivation,
therefore, follows directly from the two preceding
experiments. First, the CNN extracts patterns from the full
spectrogram tensors, and the classical machine learning
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algorithm then uses this additional information and combines
it with the handcrafted representations from the traditional
approach. This hybrid approach enables combining both
information sources within a single model pipeline.

The architecture was implemented using a ResNetl8
backbone for deep feature extraction and ExtraTrees as the
final decision model. First, the ResNet model was pretrained
directly on the spectrograms. The learning rate was set to le-
4, the batch size to 32, and the training was done for 30
epochs. Afterwards, its network weights were frozen and the
final classification layer removed. This pretraining stage
enabled the network to extract discriminative features from
samples.

In parallel to this feature pathway, another representation
was built for the machine learning approach from the Log-
Mel spectrograms along the preprocessing steps discussed
before, and the input was reduced to 50 principal
components.

As aresult, the hybrid model received the same input through
two complementary pathways. The features extracted from
the CNN backbone and the handcrafted feature vector were
concatenated before classification. These inputs were
combined and used to train the ExtraTrees classifier, which
performed the final classification.

Two setups were evaluated in this study: a normal
unmodified dataset consisting of 1,082 samples and the
augmented counterpart with 3,246 samples. They were again
split along the LOGO setup. Results were averaged as
previously reported. Overall, this experiment was designed
to determine whether it is possible to increase the
performance of a classification model using pass-by noise by
processing the same data sample twice through a deep
learning and a handcrafted representation approach. It
presents the final comparative component of the main line of
experiments, exploring whether a fused representation
strategy is advantageous for tire classification from pass-by
noise.

This complementary design was motivated by the
observation that CNN-based representations can capture
local and global spectrogram structures, while tree-based
ensemble methods often provide stronger robustness under
limited-data conditions and partially overlapping feature
distributions.

The comparative results further indicate that augmentation
affects different model families differently. While CNN-
based architectures, particularly ResNet and the hybrid
framework, benefited substantially from the increased
sample diversity introduced by the augmentation pipeline,
several classical machine learning models showed reduced
performance under the augmented setup.

This behavior may be related to the high correlation between
overlapping and polyphase-generated samples, which can
affect tree-based ensemble decision boundaries differently
than representation-learning-based CNN architectures.
These observations suggest that increased sample count
alone does not necessarily improve performance uniformly
across all model families under limited-data conditions.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3714728

IEEE Access

Multidisciplinary ; Rapid Review : Open Access Journal

IV. Results

A. Results: Classical Machine Learning

The preliminary embedding analysis indicated that tire-
dependent acoustic patterns are only partially separable in
the unsupervised feature space, which further motivates the
use of supervised learning approaches. On the base dataset,
all ML models achieved strong classification accuracies
across the board (>0.90) as visible in Table III. XGBoost
achieved the best performance with an accuracy, precision,
recall, and F1-Score of 0.9172, 0.9229, 0.8999, 0.9020,
respectively, showing that classical machine learning
algorithms are suited to discriminate between handcrafted
features derived from the pass-by noise. Furthermore, this
shows that even with a relatively low number of training
samples, the model was able to learn sufficient patterns to
generalize to the previously unseen test set.

TABLE III: EXPERIMENTAL RESULTS USING DATA

WITHOUT AUGMENTATIONS
Model Accuracy Precision Recall F1-Score
LightGBM 0.9148 0.9142 0.9046  0.9029
XGBoost 0.9172 0.9229 0.8999  0.9020
RandomForest 0.9009 0.9221 0.8810  0.8851
ExtraTrees 0.9145 0.9385 09164 09178
LeNet 0.5816 0.6589 0.5035 0.5861
ResNet 0.5717 0.7885 0.5712  0.6274
ConvNext 0.9112 0.9212 0.8957 0.8936
EfficientNet 0.8847 0.8894 0.8848  0.8678
Hybrid 0.9553 0.9613 0.9430  0.9390

On the augmented dataset, all models still delivered decent
accuracies (>0.85) as visible in Table IV, but average
performance visibly dropped compared to the non-
augmented dataset. This might be due to the augmentation
increasing data size, without increasing informational
diversity sufficiently.

TABLE IV: EXPERIMENTAL RESULTS USING DATA WITH
AUGMENTATIONS

Model Accuracy Precision Recall F1-Score
LightGBM 0.8517 0.8645 0.8354  0.8363
XGBoost 0.8540 0.8692 0.8336  0.8382
RandomForest 0.8629 0.8918 0.8413  0.8485
ExtraTrees 0.8854 0.9164 0.8856  0.8852
LeNet 0.3524 0.4404 0.2886  0.3158
ResNet 0.9447 0.9509 0.9382  0.9381
ConvNext 0.9062 0.9016 0.8946  0.8919
EfficientNet 0.8690 0.8609 0.8495  0.8499
Hybrid 0.9688 0.9677 0.9650  0.9646
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The models may have been unable to deal with the heavily
correlated new samples introduced by the polyphase
augmentation. Nonetheless, the best-performing model,
ExtraTrees, still came close to the non-augmented
performance with accuracy, precision, recall, and F1-score
of 0.8854, 0.9164, 0.8856, and 0.8852. To get a better
understanding of this model’s specific performance, it’s
important to view it in the context of the LOGO setup,
described in the methodology chapter. Since one group was
excluded from serving as a test set in each setup, some
scenarios may have been easier than others, due to more
similar data being present in the train set. This is not visible
when only considering the averaged metrics. Looking at the
detailed overview in Figure 9 helps to truly evaluate the
performance and how well this model would generalize in a
deployment setup. These observations further suggest that
increasing sample count through highly correlated
augmentations does not necessarily improve classical
machine learning performance, whereas CNN-based models
may benefit more strongly from increased sample diversity
under limited-data conditions.

Recall Fl-score

Accuracy Precision

45
50
60
80
100

Figure 9: Detailed ExtraTrees results under different conditions

While the acceleration runs 1 m/s?2, 2 m/s?, and 3 m/s? all
showed strong performance with accuracies above 0.95, the
setups with constant acceleration are mixed. Here, the edge
cases of lower (e.g., 45 km/h) and higher speeds (e.g., 100
km/h) generally perform worse than the ones in the center.
This may be due to the center speeds in the data distribution
being more supported by the surrounding data when being
left out as a test set than the edge cases, where fewer data
points are available. Similar considerations had to be made
for the average confusion matrix in Figure 10.

Since the held-out test set may not always include all present
classes, and sample counts differ, the averaged confusion
matrix is presented in normalized percentage form. The
strongest performance was reached in the Sum class with a
class recall of 0.98.

The most confusion happened at the Rain class, with 0.16
being wrongly predicted as Eco and 0.06 as Pre, showing
partial overlap with two other tires.

Overall, the classical machine learning models showed that
it is possible to classify tire types based solely on pass-by
noise. While performance was solid across both datasets, it
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did not benefit from introducing additional augmentations;
instead, performance suffered significantly.

Average Confusion Matrix
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Figure 10: The Confusion matrix for ExtraTrees tire classification

B. Results: Convolutional Neural Networks

The convolutional neural networks showed a markedly
different behavior than the classical machine learning
approach. On the basic dataset, performance varied strongly
between models, ranging from ResNet’s accuracy of 0.5717
to ConvNexts with 0.9112, as visible in Table III. The trend
of larger models showing a better performance was also
visible, with LeNet being strongly outperformed by
EfficientNet. Unlike with the classical machine learning
approaches, the models partially seemed to suffer from the
small data size of only 1,082 total samples, proving
insufficient to learn the relevant discriminative features to
consistently classify correctly.

On the augmented dataset, the performance behavior
changed significantly under the augmented setup. ResNet
benefited substantially from the additional training data
available, with a performance increase of 0.373 in terms of
accuracy, as visible in Table IV. Precision, recall, and F1-
score also showed strong results with 0.9509, 0.9382, and
0.9381, respectively. The previous frontrunners in ConvNext
and EfficientNet maintained a solid performance but with
slight decreases in accuracy (<0.02), while LeNet's
performance further deteriorated to 0.3524.

To further investigate ResNet performance on the augmented
dataset, we provide Figure 11, which shows a heatstrip plot
of detailed per LOGO setup performances.

The 1 m/s%, 2 m/s*, and 3 m/s* all showed strong
performances with accuracies between 0.97 — 1.00. This
shows that ResNet showed strong generalization across the
accelerated pass-by scenarios. The setups using constant
speed showed slightly more variation. As with the
ExtraTrees model, the edge cases of 45 km/h and 50 km/h
still performed well with accuracies of 0.96 and 0.94, but
were weaker than the central speed configurations, with 60
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km/h reaching a precision of 1.00 and an F1-score of 0.99,
and 80 km/h showing 0.98 across all metrics.

Precision Fl-score

Accuracy Recall

100

Figure 11: Detailed Resnet results under different conditions

The most difficult setup again was 100 km/h, where
accuracy, precision, recall, and Fl-score were 0.74, 0.80,
0.72, and 0.72, respectively. As previously discussed, this
may be due to center cases being better supported by
neighboring operating conditions. Figure 12 shows the

average confusion matrix with specific information
regarding the per-tire performances.
Average Confusion Matrix
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Figure 12: The Confusion matrix for Resnet tire classification

The strongest class-wise performance was delivered by Sum
with a class recall of 0.99. In contrast, the weakest tire was
Rain, which was confused in 0.1 cases with Pre and in 0.05
cases with Eco. This shows the same pattern as with
ExtraTrees model performance, where most confusion
happened between separating Rain from the Pre and Eco
tires, but in noticeably fewer cases on the CNN side. Overall,
the best CNNs were able to differentiate between the
different classes by leveraging their pattern recognition
capabilities to find discriminative patterns in the time-
frequency spectrograms without other major preprocessing.
Their performance varied noticeably, though displaying
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clear differences between models able to converge in the
latent space and those unable to reliably separate classes.
The introduction of additional data in the form of augmented
samples substantially improved ResNet’s performance,
increasing it from the worst to the best model across both ML
and CNN setups. This highlights the importance of a
sufficiently large dataset and the feasibility of increasing
sample count through polyphase augmentations.

C. Results: Hybrid Network

In the Hybrid network setup, the question was whether it’s
possible to improve performance by combining classical
machine learning methods in the form of ExtraTrees, with
deep learning-based feature extraction provided by a ResNet
architecture. Table IV shows that the Hybrid model already
achieved the best overall performance among all evaluated
approaches on the base dataset, without additional
augmentations. It reached an accuracy of 0.9553, a precision

Precision

Accuracy

and Eco classes, with the Pre class being classified correctly
much more consistently than with the standalone models.
Otherwise, it demonstrates a very high degree of separability
between the tire classes, with particularly good results in the
Pze and Sum classes, with per-class recalls of 0.99. Overall,
the off-diagonal entries are extremely small, showing that the
hybrid model maintained a highly stable and balanced class
separation across all tire categories. When taken together, the
Hybrid network results represent the strongest findings of
this study. On the non-augmented data, the model was highly
effective with an accuracy of above 95%. This improved by
another 1.35% when introducing the polyphase
augmentation. In contrast to the ML and CNN standalone
approaches, the per-setup and per-class performances
remained much more stable, with the confusion matrix
showing only minor confusion between some classes, and
almost completely eliminating them between others.

Recall

Figure 13: Hybrid ML structure results

0f0.9613, arecall 0f 0.9430, and an F1-score 0f 0.9390. This
indicates that combining learned deep representations with
additional complementary information allowed the model to
discriminate very effectively between tire types even without
augmented data. On the augmented dataset, the Hybrid
model further improved its performance and achieved the
strongest results of this study. With an accuracy of 0.9688, a
precision of 0.9677, a recall of 0.9650, and an F1-score of
0.9646 it shows promising generalization performance and
provides evidence that the Hybrid approach benefited clearly
from the additional variability introduced by augmentation.
Figure 13 (Spiderweb Graph) gives an overview across test
groups. It shows that the hybrid model performed
consistently across almost all LOGO setups. While the
general trends from previous observations still show that 100
km/h was the most difficult setup with an accuracy of 0.89,
the Hybrid network significantly improved this performance
from the standalone models. Other accuracies in the range of
0.96 — 1.00 further consolidate the strong results of the
Hybrid model on augmented data. Additionally, no
pronounced breakdown was observed for any of the edge-
case groups. This indicates that the Hybrid model
generalized not only well on the central regions of the data
distribution but also remained comparatively stable when
lower- or higher-support operating conditions were excluded
entirely during training. The confusion matrix shown in
Figure 14 (Confusion Matrix) further supports this trend. The
only major source of confusion occurred between the Rain
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Figure 14: The Confusion matrix for hybrid ML structure tire
classification

This suggests that this setup was particularly well-suited to
exploit the enlarged training distribution while still
maintaining stable class separation. It is also important to
highlight that the Hybrid model used the same classification
setup as the ML models, with handcrafted features, produced
using a dimensionality reduction on the Log-Mel
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coefficients, being used to classify the tires solely using pass-
by noise. The difference was the additional path this raw data
took. By additionally using a deep learning backbone
architecture to extract features, the ExtraTrees model was
provided with broad, high-quality input features, which
helped achieve this significant increase in classification
performance. These results indicate that the Hybrid
architecture was able to combine strong feature extraction
with robust generalization to accurately classify tires using
pass-by noise.

V. Conclusion and Discussion

This study presented a pass-by noise-based approach for tire
type classification using a single roadside microphone,
enabling a fully non-intrusive and scalable monitoring
framework. The results demonstrated that tire—road
interaction produces distinctive acoustic patterns that can be
effectively exploited to differentiate between tire types
without requiring any vehicle-mounted sensors or camera
systems. By focusing on the 400-5000 Hz frequency range
and employing a 2-second window with 60% overlap, stable
and informative signal representations were obtained. The
transformation into Log-Mel spectrograms enabled both
classical machine learning and deep learning models to
extract discriminative time—frequency features. Preliminary
embedding analyses further demonstrated that tire-
dependent acoustic manifolds exhibit partial overlap and
complex nonlinear structures, indicating that reliable
classification cannot be achieved through simple feature-
space separation alone.

The experimental results showed that classical machine
learning models achieve strong performance even under
limited data conditions, while deep learning models require
larger datasets but benefit significantly from augmentation.
The best performance was obtained using a hybrid
framework combining CNN-based feature extraction
(ResNet) with a classical machine learning classifier (Extra
Trees), achieving an accuracy of 96.88% and providing more
stable performance across varying operating conditions. The
use of a strict Leave-One-Group-Out (LOGO) validation
strategy demonstrated promising generalization across
unseen speed and driving conditions. However, performance
degradation observed at higher speeds (e.g., 100 km/h)
indicates that further improvements in dataset balance and
diversity are necessary. In addition, while augmentation
increased the dataset size, its limited contribution to
performance highlights the need for more informative
augmentation strategies.

Overall, the results confirm that pass-by noise demonstrates
the feasibility of a practical and cost-effective solution for
tire classification in real-world traffic environments.
Compared to vision-based or sensor-based systems, the
proposed approach enables contactless monitoring under
realistic conditions, making it shows potential for future
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large-scale deployment. Although the proposed framework
demonstrated promising performance under the evaluated
operational conditions, further validation under unseen road
surfaces, environmental conditions, and tire aging scenarios
is necessary to fully assess large-scale real-world
generalization.

Future work will focus on extending the dataset to include
varying tire wear levels and aging conditions to improve
generalization and real-world applicability. Furthermore,
integrating acoustic-based classification with
complementary sensing modalities such as computer vision
may provide a more comprehensive understanding of vehicle
and tire characteristics. Although leave-one-vehicle-out and
leave-one-road-surface-out evaluations represent important
future research directions, the current dataset structure
includes limited tire configurations for some vehicles and
only two road surface categories, limiting the statistical
meaningfulness of such splits at the present stage. Future

work may additionally investigate transformer-based
acoustic  architectures and  self-supervised audio
representation  learning  approaches for  improved

generalization under large-scale datasets. Compared to large
transformer-based acoustic architectures, the proposed
lightweight hybrid framework may provide advantages for
future roadside and edge-oriented deployment scenarios due
to its lower computational complexity and reduced hardware
requirements. Additional research directions include tire
pressure estimation from acoustic signals and further
refinement of classification performance. Finally, the
proposed system has the potential to be developed into a
roadside monitoring solution for intelligent transportation
systems, supporting automated traffic safety assessment and
large-scale smart city applications.
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