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ABSTRACT Accurate road condition monitoring is critical for transportation safety and infrastructure
management. Recent advances in Deep Learning and mobile sensing have enabled anomaly detection using
smartphone-acquired vibrational signals. This paper proposes a hybrid SepConv1D-LSTM architecture
that integrates separable convolutional layers and Long Short-Term Memory (LSTM) units, enhanced
through a domain-specific transfer learning strategy. In the adopted approach, each backbone is pretrained
on its optimal input data representation domain. We evaluated the proposed model on a publicly
available smartphone-based dataset using a rigorous event-level stratified k-fold cross-validation protocol.
Extensive experiments were conducted to compare the proposed approach with standalone models, such as
SepConv1D, LSTM, GRU, and CNN-2D as well as several state-of-the-art Deep Learning methods across
multiple signal representations, such as time, Discrete Wavelet Transform, FFT, and Continuous Wavelet
Transform. Results demonstrate that the proposed hybrid SepConv1D-LSTM consistently outperforms
existing methods in classification accuracy and robustness, highlighting the potential of hybrid architectures
and domain-specific transfer learning for scalable road condition monitoring using low-cost mobile sensors.

INDEX TERMS Road condition monitoring, deep learning, convolutional neural networks, separable
convolution, long short term memory, transfer learning, smartphone sensors.

I. INTRODUCTION
Road condition monitoring plays a critical role in ensuring
transportation safety, infrastructure maintenance, and urban
mobility planning. Traditional approaches to road surface
assessment often rely on manual inspections or specialized
equipment, which are costly, time-consuming, and difficult
to scale. In recent years, the widespread use of low-cost
sensors embedded in smartphones and vehicles has enabled
the collection of vibrational signals that reflect road surface
irregularities.

Processing these signals with modern Machine Learning
(ML) and Deep Learning (DL) techniques provides a
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powerful means to develop automated, scalable and real-time
road condition monitoring systems. DL models have
demonstrated superior performance in extracting meaningful
patterns from raw sensor data, outperforming classical ML
methods in various signal classification tasks. In particular,
convolutional and recurrent neural networks have been
widely adopted to model spatial and temporal features in
vibrational signals.

Recent state-of-the-art approaches for road condition mon-
itoring from vibrational signals primarily rely on DL models
built upon convolutional and recurrent layers. To further
enhance classification performance, several studies have
proposed hybrid models that combine convolutional and
recurrent feature extractors. Despite these advances, signif-
icant challenges remain, including designing architectures
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that generalize well across diverse acquisition conditions,
ensuring effective training when labeled data are limited,
and adopting rigorous evaluation protocols that prevent data
leakage by separating distinct road anomaly events between
training and testing.

This paper addresses these challenges by introducing
a novel hybrid DL architecture that combines separable
convolutional layers (SepConv1D) with Long Short-Term
Memory (LSTM) units, enhanced through a transfer learning
strategy. The proposed model was evaluated on a publicly
available smartphone-based dataset using a rigorous event-
level k-fold cross-validation protocol, where distinct road
anomaly events are assigned to training and test sets to
prevent data leakage and ensure a realistic performance
assessment.

The main contributions of this work are summarized as
follows:

• We propose a hybrid SepConv1D-LSTM architec-
ture that leverages the complementary strengths of
convolutional and recurrent layers for road anomaly
classification.

• We introduce an intra-domain transfer learning strategy,
where each backbone is pretrained on its most suitable
representation domain and jointly finetuned to improve
convergence and generalization. The considered repre-
sentation domains include the time-domain, Fast Fourier
Transform, Discrete Wavelet Transform with Approx-
imation Coefficients, Discrete Wavelet Transform with
Detail Coefficients, and ContinuousWavelet Transform.

• We adopted a rigorous event-level stratified k-fold cross-
validation protocol to prevent data leakage and ensure
realistic evaluation.

• We provide a comprehensive experimental compari-
son against baseline and state-of-the-art DL models,
demonstrating the superior performance of the proposed
approach.

The remainder of the paper is organized as follows.
Section II reviews existing literature on road condition
monitoring using vibrational signals and transfer learning.
Section III discusses the limitations of prior studies and
motivates the approach proposed in this paper. Section IV
describes the dataset, preprocessing pipeline, data representa-
tion domains and model architectures. Section V presents the
experimental setup and results. Finally, Section VI concludes
the paper and outlines directions for future research.

II. RELATED WORK
A. ROAD CONDITION MONITORING USING VIBRATIONAL
SIGNALS
In recent years the application of ML and DL techniques
has been extensively explored for the task of road condition
monitoring from vibrational signals. A wide range of DL
architectures and preprocessingmethods have been applied to
data collected with various types of sensors such as low-cost

smartphone accelerometers and gyroscopes, inertial measure-
ment units (IMUs), and high-precision inertial sensors.

Early approaches to road anomaly detection primar-
ily relied on traditional ML techniques. For instance,
Carlos et al. [1] found that SVM significantly outperformed
threshold-based methods in classifying road types using
synthetic data generated with the Pothole Lab simulator.
Similarly, Basavaraju et al. [2] compared SVM, Decision
Trees, and MLP classifiers for detecting road conditions
(smooth, pothole, crack) using smartphone accelerometer
data. Despite the computational cost of feature extraction,
their framework supported real-time use, withMLP achieving
the highest test accuracy of 92.12%.

In contrast, several subsequent works introduced more
sophisticated approaches based on DL, demonstrating a clear
superiority to traditional ML methods in classifying road
anomalies from vibrational signals.

Menegazzo and von Wangenheim [3] used inertial data
from MPU-9250 sensors such as 3-axis acceleration, 3-axis
rotation and speed to classify road surfaces. The experiments
demonstrated that DL models, including CNN-1D, LSTM,
and CNN-LSTM significantly outperformed traditional ML
methods, reaching 93.17% accuracy with a CNN-1D. Their
framework was later extended to speed bump detection [4],
where a CNN-LSTM achieved state-of-the-art results.

Singh et al. [5] proposed a custom binary feature layer for
LSTM-based pothole detection, with their Improved-LSTM
yielding the best performance.

Conversely, Sabor and Abdelraheem [6] introduced a
CNN-2D with Low-High Frequency Feature Mixer blocks,
based on residual connections and 2D convolutions to
recognize asphalt bump, pothole or metal bump anomalies
from 3-axis acceleration signals, interpreted as images.
However, their study did not include a comparative evaluation
against CNN-1Dmodels trained on raw time-domain signals,
leaving unresolved questions about the relative effectiveness
of spatial versus temporal representations.

Ozoglu and Gökgöz [7] applied a CNN-2D to stacked
3-axis acceleration and 3-axis rotation data collected via
smartphones, treating the combined signal as an image for
pothole detection. Nevertheless, the work did not investigate
the potential of 1D convolutional models on time-domain
signals despite the simplicity of the binary classification task.

Recent years have witnessed notable advances in DL
architectures for anomaly detection beyond vibrational
signals. In particular, Generative Adversarial Networks
(GANs) and blind-spot networks have been significantly
advanced for anomaly detection in video and hyperspectral
imagery. Wang et al. [8] proposed a novel global feature-
injected blind-spot network within a self-supervised anomaly
detection framework for hyperspectral images, incorporating
patch-level shuffling and downsampling to disrupt spatial
correlation among neighboring anomaly pixels. In a related
study, Wang et al. [9] introduced a frequency-to-spectrum
GAN to synthesize the background hyperspectral image
(HSI) for anomaly detection. Singh et al. [10] investigated
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anomaly detection in surveillance video and proposed a
GAN framework featuring an attention-enhanced generator
together with a dual-branch discriminator, enabling themodel
to discriminate between real and reconstructed frames, and
between real and reconstructed anomalous content.

Several studies have explored crowdsourced approaches
for road infrastructure condition monitoring, leveraging data
collected from smartphones or low-cost sensors deployed
from multiple users and vehicles. Tiwari et al. [11] proposed
a real-time monitoring system based on a deep CNN trained
on crowdsourced accelerometer data to detect road surface
irregularities. Other works [12], [13], [14], [15] have focused
on scalable frameworks for aggregating heterogeneous sensor
data to enhance anomaly detection coverage and robustness
in large-scale deployments.

Beyond architectural advancements, numerous studies
have investigated alternative signal representation domains to
enhance performance compared to raw time-domain inputs.
To this end, Baldini et al. [16] demonstrated the superiority
of 2D magnitude spectrograms over time-domain signals,
Continuous Wavelet Transform (CWT), and Short-Time
Fourier Transform (STFT) representations when used as
inputs to CNN models. Their study employed acceleration
and rotation data collected via a dashboard-mounted IMU
for road anomaly and obstacle detection. Despite this,
all anomaly types were grouped into a single class,
without distinguishing between different road surface
irregularities.

Likewise, Chen et al. [17] compared STFT and wavelet-
based 2D representations of smartphone accelerometer
data, using a CNN-2D to classify normal roads, trans-
verse cracks, and manholes. However, the study did not
explore the potential of 1D convolutional models applied
to raw time-domain signals, nor did it assess whether
simpler temporal representations could achieve comparable
performance.

Alternatively, Martinelli et al. [18] extracted entropy and
coefficient of variation from STFT sub-bands of z-axis
acceleration to classify road surface conditions using SVM,
DT, and KNN, distinguishing between no distress, short-
term and long-term anomalies such as potholes and fatigue
cracking. Despite this, the paper did not explore the benefits
of DL models over traditional ML methods.

Recently, the effectiveness of hybrid CNN-LSTM models
in classifying road anomalies from inertial sensor vibration
data has been assessed. Raslan et al. [19], [20] proposed
hybrid CNN-LSTM architectures for road anomaly classifi-
cation using smartphone-based inertial and GPS data. Their
models combined time and frequency-domain inputs and
were evaluated using stratified k-fold cross-validation.

B. TRANSFER LEARNING
Transfer learning has emerged as a powerful strategy to
improve DL model performance, particularly in scenarios
with limited labeled data, by transferring knowledge from one
domain to another [21].

In the context of road condition monitoring, transfer
learning has been applied by using pretrained DL backbones
on data from domains different from the target domain and
derived from very large datasets.

Martinez-Ríos et al. [22] employed several state-of-
the-art pretrained architectures such as GoogleNet [23],
SqueezeNet [24], and ResNet [25] to detect transverse pave-
ment cracks from Generalized Morse Wavelet images. These
images were computed from denoised vertical acceleration
data collected by a high-precision piezoelectric sensor.

To the best of our knowledge, existing studies applying
transfer learning in the context of road condition monitoring
have primarily adopted a cross-domain approach, leveraging
models pretrained on large-scale datasets from different tasks
or sensor modalities.

In contrast, inspired by the direction suggested by
Otović et al. [26], this work explored the potential of
intra-domain transfer learning, where both pretraining and
finetuning are performed within the same application domain
but across different signal representation domains.

III. MOTIVATION
Several studies that applied Deep Learning to vibrational
signals for road condition monitoring, introduced novel
hybrid multi-input architectures combining CNN and LSTM
branches. The hybrid models were trained using data from
different representation domains for CNN and LSTM back-
bones by carefully selecting the most appropriate domain
for each input. Results consistently demonstrated superior
classification performance compared to standalone CNN and
LSTM models.

However, a closer examination of the existing literature
reveals a number of methodological limitations that raise
concerns regarding the generalizability, reproducibility, and
practical applicability of the reported findings.

• Raslan et al. [19] proposed a hybrid SepConv1D-
BiLSTM model for road anomaly classification using
3-axis accelerometer, gyroscope, and GPS data. The
model was trained with stratified k-fold cross-validation
using time-domain input for the CNN branch and
frequency-domain input for the BiLSTM. Despite its
novelty, the study suffers from significant limitations
since the dataset comprised only 301 labeled sequences,
with imbalanced class distributions and no detailed
breakdown of category counts. Additionally, the
absence of performance comparisons against a CNN-1D
baseline restricts the evaluation of the hybrid model’s
effectiveness. These factors collectively undermine the
generalizability and reproducibility of the reported
results.

• In a subsequent study Raslan et al. [20] introduced a
hybrid CNN-LSTMmodel for classifying road segments
into four categories: normal road, potholes, speed
bumps, and bad road. The performance of the proposed
model was assessed by comparing it with other DL
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architectures chosen as baselines. All the models were
trained with a stratified k-fold cross-validation method
(k=5) using several data representation domains such
as time domain, FFT, Discrete Wavelet Transform, and
Continuous Wavelet Transform.
To mitigate issues related to limited dataset size and
class imbalance, the authors applied data augmentation
by segmenting the signals of underrepresented classes
with a fixed-length sliding window and class-specific
overlap values.
Nevertheless, it was not specified in the paper whether
data augmentation was performed before or after the
generation of the k folds. Furthermore, the class
consistency of the generated folds was not disclosed.
The potential presence of frames generated from the
signal window event in the training and validation
folds could lead to data leakage wherein the model
is exposed during validation to signal patterns it has
already seen in training. Such a scenario deviates from
realistic deployment conditions, where input signals
correspond to entirely distinct events that the model has
not previously encountered during training.

• In both studies, data collection was performed with
a 3-axis accelerometer and gyroscope placed in a
fixed position in a single vehicle for all anomaly
events. A limited diversity in data collection setups can
significantly constrain the generalization ability of a
hybrid architecture and hinder a reliable assessment of
its performance.

To overcome the aforementioned limitations, this work
proposed two key methodological innovations. First, a more
rigorous evaluation protocol was adopted through an event-
level k-fold cross-validation strategy, which ensures that
training and validation sets contain entirely distinct signal
events. This prevents any form of data leakage due to
overlapping windows and better reflects realistic deployment
scenarios.

Second, a novel hybrid SepConv1D-LSTM architecture
was proposed and trained using a transfer learning strategy.
In this approach, each backbone (SepConv1D and LSTM)
was first independently pretrained on data from its most
appropriate representation domain. The entire model was
then fine-tuned jointly with a reduced learning rate to enhance
convergence and performance.

This strategy leverages prior knowledge while preserving
generalization capabilities of the hybrid architecture. The
proposed approach is particularly beneficial in scenarios with
limited data and diverse acquisition conditions, leading to
superior classification performance compared to training the
hybrid model from scratch.

IV. MATERIALS AND METHODS
A. DATASET DESCRIPTION
The dataset employed in this study was originally introduced
by Gonzalez et al. [27] for the classification of road surface

anomalies using data acquired from smartphone sensors.
It comprises vibration signals collected with five Motorola
Moto G smartphones, each equipped with an STMicroelec-
tronics LIS3DH tri-axial accelerometer. Data acquisition was
performed at a fixed sampling rate of 50 Hz, which reflects a
realistic and practical configuration for commercial mobile
devices. This setting ensures compatibility with low-cost,
resource-constrained deployment scenarios.

To simulate real-world usage conditions, the smartphones
were placed in various positions inside the vehicles, including
the driver’s door pocket, the central console, the driver’s shirt
and pants pockets, and a passenger’s handbag located on the
co-pilot seat. These heterogeneous placements introduce sig-
nificant variability in the recorded signals, thereby increasing
the complexity and realism of the dataset.

The recordings were collected using 12 different vehicles
and categorized into five road condition classes: asphalt
bumps, metal bumps, potholes, regular road, and worn out
road. Each class is represented by 100 labeled samples,
resulting in a balanced dataset with a total of 500 recordings.

Only the z-axis acceleration component was retained in the
dataset, since road anomalies predominantly affect vertical
motion, making this axis significantly more informative than
the others.

The distribution of labeled events per vehicle is detailed in
Table 1. Illustrative examples of z-axis acceleration signals
corresponding to asphalt bump and worn out road events are
shown in Figures 1 and 2, respectively.
This dataset was subsequently reused in a later study

by [28], which introduced a comprehensive benchmark
framework based on classical ML algorithms, including
Decision Trees (DT), Support Vector Machines (SVM),
and Multi-Layer Perceptrons (MLP). The study aimed to
evaluate the effectiveness of various handcrafted feature
extraction techniques for road anomaly classification. In this
benchmark, each of the 500 vibration signal recordings was
segmented into overlapping frames of fixed length w using
a 50% overlap between consecutive windows. From each
segmented frame, a feature vector of fixed size was extracted
by computing a high number of statistical descriptors
across three domains: time, frequency, and wavelet (using
Daubechies-2 wavelets). Multiple combinations of these
feature domains were tested to determine the most effective
configuration for classification. The best overall performance
was achieved by combining time-domain and wavelet-
domain features. An MLP classifier trained with a window
length ofw = 30 attained the highest accuracy, reaching 52%.

Despite providing a valuable baseline, both the origi-
nal dataset paper [27] and the classical ML benchmark
by [28] present several limitations. The Bag-of-Words
representation introduced in [27], for instance, is a relatively
simplistic feature extraction technique tailored specifically
to the dataset’s structure. This narrow customization raises
concerns regarding its generalizability to different data
collection scenarios, sensor configurations, and deployment
environments.
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TABLE 1. Dataset consistency across vehicle types.

FIGURE 1. Examples of recorded signals for some asphalt bump events.

FIGURE 2. Examples of recorded signals for some worn out road events.

On the other hand, while the benchmark proposed
in [28] provided a valuable investigation into the impact of
handcrafted features extracted from various signal domains
when applied to classicalML algorithms,it did not explore the
capabilities of more advanced DLmodels. Such architectures
have demonstrated superior performance in a wide range of
sequence and signal classification tasks, owing to their ability
to automatically learn hierarchical and discriminative feature
representations directly from raw input data.

B. EVENT-LEVEL K-FOLD CROSS-VALIDATION
To ensure a realistic and unbiased estimation of model gen-
eralization capabilities, this study employed an event-level
stratified k-fold cross-validation scheme. Unlike sample-
level splitting, which may inadvertently introduce temporal

correlation between training and test sets, an event-level
splitting method ensures that no segments from the same
anomaly instance appear in both training and test sets.

Formally, let Ac = {ac,1, ac,2, . . . , ac,Nc} denote the set
of z-axis acceleration recordings for class c, where Nc is the
number of recordings for class c. These are partitioned into k
disjoint folds:

Ac =

k⋃
j=1

A(j)
c , A(j)

c ∩A(l)
c = ∅ for j ̸= l

ensuring
∣∣∣A(j)

c

∣∣∣ = Nc/k . For each fold j, the training set

comprises the segments generated from Ac \ A(j)
c for all c,

and the test set is formed from
⋃C

c=1A
(j)
c .
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FIGURE 3. Event-level stratified 5-fold split technique adopted in this study.

This approach guarantees stratification across all classes
and replicates realistic deployment conditions, where anoma-
lies observed during testing are disjoint from those seen
during training.

In this work, a k-fold event-level split strategy was adopted
with a number of folds k = 5. The overall partitioning scheme
is illustrated in Fig. 3.

C. DATA PIPELINE FOR TRAINING AND VALIDATION
The pipeline adopted in this study to generate training and
validation data for the DL models involves three fundamental
stages: segmentation using fixed-size overlapping windows,
transformation into a specific representation domain, and
normalization.

1) Segmentation Each time-domain z-axis acceleration
signal ac,n was segmented using a sliding window
of fixed length W . The segmentation served two
purposes: first to standardize input length across
samples, enabling uniform processing by DL models;
second to augment the dataset by generating multiple
partially overlapping windows from each signal, thus
increasing the number of training samples.
To address class imbalance, a class-dependent overlap
ratio Oc was applied. Underrepresented classes were
assigned higher overlap values, thereby increasing
their number of training samples. This class-specific
augmentation approach led to a more balanced dataset
across the five categories and improved the robustness
of the supervised learning task.

2) Domain transformation After segmentation, each
time-domain window was either retained in its raw
form or transformed into an alternative representation
domain to enhance feature representation. The fol-
lowing representations were considered: Fast Fourier
Transform (FFT), Discrete Wavelet Transform (DWT)
with Approximation Coefficients (DWT-CA), Dis-
crete Wavelet Transform with Detail Coefficients
(DWT-CD), and the Continuous Wavelet Transform
(CWT). A detailed description of the data repre-
sentation domains used in this study is provided in
Subsection IV-D.

3) Normalization To ensure stable and unbiased model
training, all input data were normalized prior to being
fed into the DL models. For all representations except
CWT, Min-Max normalization was applied to scale the
values into (0,1) range, which is the most commonly
used in Machine Learning and Deep Learning to
prevent any single feature from dominating due to its
magnitude.
Importantly, normalization parameters were computed
exclusively on the training set to prevent information
leakage into the validation set.
Let Xd ∈ RB×Wd×Nvar represent the training or
validation data in a specific domain d , where B is the
number of samples, Wd the sequence length, which
depends on the segmentation window length W and
the representation domain d . Since the input signal
includes only the z-axis acceleration, Nvar = 1. The
normalization was computed as:

Xnorm
b,n,v =

Xb,n,v − Xmin
v

Xmax
v − Xmin

v
, ∀b ∈ T ∪ V, ∀n, v (1)

where Xmin
v and Xmax

v are the minimum and maximum
values computed over the training set T .
For CWT representations, which produce 2D time-
frequency matrices X cwt

∈ RN×SL , where SL is the
number of CWT scales, normalization was applied
independently to each sample:

X cwt-norm
b,n,s =

X cwt
b,n,s − Xmin

b

Xmax
b − Xmin

b

, ∀b ∈ T ∪ V, ∀n, s

(2)

where Xmin
b , Xmax

b were computed independently for
each sample.

The overall framework employed for data preprocessing
and DL model training andvalidation across the event-level
stratified k-fold splits is illustrated in Fig. 4. The com-
plete data preparation and training workflow, including
segmentation, representation transformation, normalization,
and model evaluation, was applied consistently across all DL
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FIGURE 4. Structure of the overall pipeline adopted in this study for data preprocessing and DL model training/evaluation
across folds.

TABLE 2. Samples consistency of each of the generated folds for each category.

architectures and representation domains. This ensured fair
comparisons and reproducibility of results.

A total of 2839 data samples were generated using the
sliding window technique with a window size W = 110.
The window size was selected by balancing a compromise:
it was long enough so that the entire event dynamics were
included in the segmented window for all categories while
still generating a sufficient number of samples for all classes.
In preliminary experiments window lengths from 100 to
130 yielded stable performance, with accuracy variations
below 1%. This indicates that the proposed method and
the reported results are robust to moderate variations of the
window size. Tab. 2 reports the number of samples of all the
five folds for each category. The use of class-specific overlap
ratios Oc resulted in a well-balanced distribution of samples,
enhancing the robustness of the supervised learning process.

D. DATA REPRESENTATION
In the preprocessing pipeline adopted in this study, the
time-domain signals produced with the fixed-size sliding
window were transformed into alternative representations to
enhance their suitability for pattern-recognition tasks using
DL methods.

The choice of signal representation plays a pivotal role
in determining the performance of DL models, particularly
when dealing with complex and noisy time-series data such
as vehicle-induced vibration signals. While time-domain
representations preserve the raw temporal structure of the

signal, they may fail to highlight localized frequency patterns
or longer-term oscillatory structures that are indicative of
specific road anomalies.

To address this, several signal representation techniques
were explored in this study to improve the discriminative
power of the input data.

1) TIME-DOMAIN
The raw z-axis acceleration signal, segmented into fixed-size
windows using the sliding window procedure, was used as
input in its original time-domain form. This representation
retains the full temporal resolution and fine-grained varia-
tions of the signal, which is essential for capturing sequential
patterns and transient events.

2) FAST FOURIER TRANSFORM (FFT)
The magnitude spectrum of each time-domain segmented
window was computed using the Fast Fourier Transform.
Only the first W/2 frequency bins were retained due
to spectral symmetry. This representation emphasizes the
dominant frequency components of the vibrational patterns
induced by different road anomalies.

3) DISCRETE WAVELET TRANSFORM (DWT)
The DWT is a powerful signal processing technique that
allows the decomposition of a signal into multiple frequency
bands, each localized in time. Unlike the Fourier Trans-
form, which provides only global frequency information,
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FIGURE 5. Structure of input data matrix to DL models for DWT
representation.

DWT offers a joint time-frequency representation, enabling
the analysis of how different frequency components
evolve over time. At each level of decomposition, DWT
operates by passing the signal through two types of
filters.

• A low-pass filter, which extracts the slow, smooth
variations in the signal, producing the approximation
coefficients (CA)

• A set of band-pass and high-pass filters, which capture
faster changes or finer details, resulting in the detail
coefficients (CD).

After filtering, the signal is downsampled to reduce
its resolution, and the process is repeated across multiple
levels. This results in a hierarchical, multiscale representation
that captures both coarse and fine-grained features of the
signal.

In this study, DWT was applied using Daubechies-4
wavelets over three levels of decomposition. For each
input signal window, both the approximation coefficients
(DWT-CA) and the detail coefficients (DWT-CD) were
extracted and evaluated as alternative input representations.
This approach was motivated by the fact that different
types of road anomalies manifest in distinct frequency
ranges. For instance, bumps and potholes usually produce
low-frequency structural changes, whereas surface roughness
or worn out segments might introduce higher-frequency
fluctuations.

By providing a multiresolution view of the signal, DWT
allows DL models to access discriminative features, that
may not be easily detectable in the raw time-domain data.
Formally, applying a level-l DWT analysis to a signal vector
x ∈ RW yields:

• A single output vector of approximation coefficients
CA(l)

• A list of l vectors of detailed coefficients CD(l)
j , j =

1, . . . , l

To construct the input tensor for the learning models,
either the approximation coefficients CA(1),CA(2),CA(3) or
the detailed coefficients CD(1)

3 ,CD(2)
3 ,CD(3)

3 were stacked
along the frequency axis. Since the length of these vectors
vary across decomposition levels, the coefficients of higher
levels were repeated along time-axis to form a consistent
matrix shape, as illustrated in Fig. 5.

4) CONTINUOUS WAVELET TRANSFORM (CWT)
The CWT provides a time–frequency representation of a
signal by projecting it onto a set of wavelets continu-
ously scaled and shifted along the time axis. Unlike the
DWT, which analyzes the signal at discrete scales and
involves downsampling, the CWTmaintains the full temporal
resolution. It produces a smooth and highly redundant
representation that captures both fine and coarse features
without loss of temporal focalization.

In this study, the CWT was computed using the complex
Morlet wavelet, characterized by a bandwidth parameter β =

1.5 and center frequency γ = 1.0. The CWT coefficients
were converted to magnitude power and log-scaled. A total
of 60 scale values were used to compute the CWT. Cone-of-
Influence masking was applied to mitigate boundary effects.

The result is a 2D time−frequency map that can be
interpreted as a spectrogram, capturing both transient and
periodic features of the signal. Figures 6, 7, 8, 9 and 10 show
the computed representations used in this study, namely time
domain, FFT, DWT (approximation coefficients) and CWT
for each of the considered anomaly events: asphalt bump,
metal bump, pothole, regular road and worn out road.

E. DL ARCHITECTURES
This section presents the DL architectures chosen as the
baseline models for this study including a CNN-1D model
based on 1D separable convolutions (named SepConv1D),
two recurrent models based on LSTM and Gated Recurrent
Units (GRU) and a CNN-2D, respectively designed for
time−frequency inputs.

1) SepConv1D
The SepConv1D architecture is built upon the Separable-
Conv1D layer, a widely adopted technique in DL that
decomposes a standard 1D convolution into two distinct
operations: a depthwise convolution followed by a pointwise
convolution. This decomposition significantly reduces the
number of trainable parameters while preserving strong rep-
resentational capacity, making it well-suited for deployment
on resource-constrained edge devices.As shown in [29], [30],
and [31] SepConv1D offers clear advantages in terms of
model size (in both.h5 and.tflite formats) and total parameter
count.

The structure of the SeparableConv1D layer used in our
model is depicted in Fig. 11. The input tensor X ∈ RW×Cin

is first processed by a depthwise convolutional layer, which
applies a set of Cin independent 1D filters of length D, one
per input channel. This operation captures local temporal
patterns within each channel. The resulting feature maps are
then passed through a pointwise convolution, which uses a
number Cout of 1D filters with a length of 1 to combine
information across channels, producing an output tensor of
shape W × Cout .
The full SepConv1D architecture, shown in Fig. 12, begins

with an initial standard 1D convolutional layer with 64 filters
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FIGURE 6. Data representations of a ‘‘asphalt bump’’ event signal.

FIGURE 7. Data representations of a ‘‘metal bump’’ event signal.

and a kernel size of 10. This is followed by a BatchNormal-
ization, ReLU activation, and SpatialDropout1D layer with a
rate of 0.2.

Next, four consecutive blocks are applied, each comprising
a SeparableConv1D layer, BatchNormalization, ReLU acti-
vation and a Dropout of 0.2. To progressively reduce the
temporal resolution, a MaxPooling1D with a stride of 2 is
inserted before the Dropout in the first and third block. All
SeparableConv1D layers have 128 output channels, a kernel
size of 7 and ‘‘same’’ padding.

A global average pooling (GAP) layer is applied to
the output of the fourth block. This is followed by a
BatchNormalization and a Dropout of 0.2 to mitigate
overfitting. Finally the output is provided to the final Dense
layer with a Softmax activation, which produces the output
class probabilities.

The portion of the network from the first Conv1D layer up
to the input of the final Dense layer is referred to in this paper
as the ‘‘SepConv1D backbone’’.

2) LONG SHORT-TERM MEMORY (LSTM)
The LSTM architecture is a specialized form of recurrent
neural network (RNN) designed to capture long-range depen-
dencies in sequential data. This makes it particularly suitable
for time-series modeling tasks such as accelerometer-based
signal classification.

In this study, the LSTM model consists of two stacked
LSTM layers, each with U = 200 units. The first layer is
configured with return_sequences = True, allowing
it to output the full temporal sequence of cell states with
a shape W × U . The second LSTM layer is config-
ured with return_sequences = False, meaning it
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FIGURE 8. Data representations of a ‘‘pothole’’ event signal.

FIGURE 9. Data representations of a ‘‘regular road’’ event signal.

outputs only the final cell state, represented by a vector of
size U × 1.

To improve generalization and training stability, each
LSTM layer is followed by a BatchNormalization and a
Dropout layer with a rate of 0.5. This regularization strategy
helps reduce overfitting and accelerates convergence. The
LSTM architecture used in this study is shown in Fig. 13.
The portion of the architecture from the input up to the input
of the final Dense layer is referred to in this paper as ‘‘LSTM
backbone’’.

3) GATED RECURRENT UNIT (GRU)
The GRU is a streamlined variant of the LSTM that retains
the ability to model temporal dependencies while reducing

computational complexity. In contrast to LSTM, GRU uses a
simplified gating mechanism, with only two gates: an update
gate and a reset gate, and does not maintain a separate cell
state. This design allowsGRUs to be trained faster and require
fewer parameters, making them better suited for resource-
constrained environments.

In this work, the GRU model consists of two stacked
GRU layers, each with U = 200 cell units. Similarly
to the LSTM model, the first GRU layer is configured
with return_sequences = True, producing a full
sequence of cell states with shape W × U . Contrarily,
the second layer uses return_sequences = False,
outputting only the final state as a feature vector of
shape U × 1. Likewise, both GRU layers are followed
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FIGURE 10. Data representations of a ‘‘worn out road’’ event signal.

FIGURE 11. Structure of the SeparableConv1D layer.

by a BatchNormalization and a Dropout with rate 0.5 to
mitigate overfitting and to improve training convergence. The
architecture of the GRU model used in this work is shown in
Fig. 14.

4) TWO-DIMENSIONAL CONVOLUTIONAL NEURAL
NETWORK (CNN-2D)
A CNN-2D was employed in this study to process
time-frequency representations of the input signals, specif-
ically spectrograms derived from the CWT. This approach
enables the model to exploit both temporal and spectral
patterns of vibration signals by treating the spectrograms as
2D images.

The adopted CNN-2D architecture, shown in Fig. 15,
is composed of four sequential convolutional blocks, each
comprising a 2D convolutional layer with a kernel size of
7 × 7, followed by BatchNormalization, ReLU activation,
MaxPooling2D with a pool size of 2 × 2 and a Dropout with
a rate of 0.2. The number of filters increases progressively
across the blocks: 32, 64, 128, and 256.

After the final convolutional block, the feature maps are
flattened and passed through a Dense layer with 128 units
and a ReLU activation. The final Dense layer with a Softmax
activation, produces the class probabilities.

F. PROPOSED HYBRID SepConv1D-LSTM BASED ON
TRANSFER LEARNING
To address the limitations identified in previous studies, this
work introduced a novel improved hybrid architecture, which
combines the strengths of two complementary components:
a SepConv1D and LSTM backbone. The outputs of these
branches are concatenated and passed through a Dense
layer with 128 units and ReLU activation, producing a
combined latent space representation of the learned features.
This is followed by a final Dense layer with Softmax
activation, to generate class probabilities. The architecture
of the proposed hybrid SepConv1D-LSTM is illustrated in
Fig. 16.
In this work, the input data domains for SepConv1D and

LSTM branches were empirically chosen by selecting the
best-performing configurations of their respective standalone
models, as detailed in Section V. Specifically, the Sep-
Conv1D branch receives DWT-CA inputs, while the LSTM
branch processes time-domain signals.

As opposed to prior hybrid models, the effectiveness
of the proposed SepConv1D-LSTM architecture is further
enhanced through a transfer learning strategy, which sig-
nificantly improves training efficiency and generalization
performance.

For each fold in the cross-validation process, the Sep-
Conv1D and LSTM branches are initialized with weights
obtained from pretraining the respective standalone architec-
tures, described in Subsection IV-E. The entire hybrid model,
including both backbones and the classification head, is then
fine-tuned using a reduced learning rate.
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FIGURE 12. Architecture of SepConv1D.

FIGURE 13. LSTM Architecture.

FIGURE 14. GRU Architecture.

This two-stage training approach offers several advan-
tages. By leveraging high-quality features learned during
pretraining, the poor convergence associated with random
weight initialization is mitigated. In fact, by transfer-
ring prior knowledge from the pretrained backbones, the
model starts training from a more informative initial state,
enabling faster convergence and improved generalization
across different anomaly categories. Moreover, this approach
preserves the domain-specific strengths of each backbone,
SepConv1D for spatial feature extraction, and LSTM for
long-range temporal pattern modeling, without forcing them
to adapt jointly to incompatible representations. Fig. 17
presents the transfer learning strategy employed in this
study to improve the performance and the generaliza-
tion capability of the proposed hybrid SepConv1D-LSTM
model.

The strategy consists of transferring the learned weights
of the SepConv1D and LSTM components to the hybrid
SepConv1D-LSTM architecture, followed by a final fine-
tuning stage.

TABLE 3. Details of environment used for experiments.

V. EXPERIMENTAL RESULTS
All experiments were conducted in a Google Colab envi-
ronment equipped with a NVIDIA Tesla T4 GPU. The
models were implemented using TensorFlow library with
Keras backend. For signal transformation tasks, including the
multi-level DWT analysis and CWT, PyWavelets library was
employed. Basic array operations and numerical processing
were performed using NumPy. The software environment
details are summarized in Table 3.
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FIGURE 15. CNN-2D Architecture.

FIGURE 16. Hybrid SepConv1D-LSTM architecture.

All models were trained using the categorical crossentropy
loss with Adam optimizer. An initial learning rate of
0.001 and a batch size of 24 were chosen. The learning rate
was progressively decreased with a ‘‘Reduce on Plateau’’
scheduler, which multiplied the learning rate by a factor
0.75 every 100 epochs without improvement in validation
accuracy. The training was terminated either after 400 epochs
without improvement in validation accuracy or upon reaching
a maximum of 1000 epochs.

For the proposed hybrid model, fine-tuning was performed
after pretraining the individual SepConv1D and LSTM
models. The same loss function and same optimizer were
used but with an initial learning rate of 3×10−4. The learning
rate was decreased by a factor 0.75 every 50 epochs without
validation accuracy improvements, and training was stopped
after 200 stagnant epochs.

Tab. 4 summarizes the input representations and associated
input shapes used for each of the baseline DL architectures
tested in this study. For the hybrid SepConv1D-LSTM the
input size with DWT-CA data for SepConv1D and Time data
for LSTM are reported.

A. BASELINE DL MODELS
This section presents the performance evaluation of the
baseline DL models: SepConv1D, LSTM, GRU and

TABLE 4. Data types and input dimensions for each of the deep learning
architectures.

CNN-2D. Each model was trained using the event-
level 5-fold cross-validation strategy described earlier,
across all data representation domains, as summarized
in Tab. 4.
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FIGURE 17. Flowchart of the adopted transfer learning strategy for the proposed hybrid SepConv1D-LSTM model.

1) SepConv1D
Tab. 5 summarizes the classification results obtained by
SepConv1D architecture across all input data types, reporting
5-fold average Precision, Recall, F1-score for each class,
along with overall metrics, including Accuracy, averaged
across all classes and folds.

Among all input representations, DWT-CA yielded the
best performance across all metrics with an average accuracy
of 88.56%. Although the time-domain signals provided
competitive results with an average accuracy of 86.78%,
they were consistently outperformed by the DWT-CA
representation across all metrics. Conversely, both FFT and
DWT-CD representations achieved substantially lower clas-
sification effectiveness, with average accuracies of 75.05%
and 69.79%, respectively.

Using DWT-CA inputs, the metal bumps class attained
the best results, reaching an F1-score of 95.81%. Asphalt
bumps and potholes were also classified with high accuracy,
achieving F1-scores of 93.24% and 92.77%, respectively.
Worn out road was the most challenging category, with
an average F1-score of 78.33%. The regular road class
showed intermediate performance, with an average F1-score
of 82.26%.

2) LSTM
Tab. 6 presents the 5-fold average classification results for
LSTM model. For the LSTM model, the time representa-
tion yielded the highest overall classification performance,
achieving an average accuracy of 88.06% and F1-score
of 88.02%. DWT-CA representation reached a comparable
but slightly worse performance than time-domain signals
with an accuracy of 87.36%. FFT and DWT-CD inputs
performed markedly worse across all classes, demonstrating
significantly lower classification quality compared to both
DWT-CA and Time inputs.

As with SepConv1D, by using the best representation
domain (time signals for LSTM), the worn out road category
exhibited the weakest performance among all classes, with
an F1-score of 75.51%. Conversely, the asphalt bumps, metal
bumps, and potholes categories were all classified with high
accuracy, each achieving F1-scores exceeding 92%. The

regular road category showed intermediate performance, with
a F1-score of 87.97%.

3) GRU
Tab. 7 reports the classification results obtained by GRU
model for all data representations including per class and
overall metrics averaged across folds. The GRU model
showed comparable performance with time-domain and
DWT-CA inputs, achieving accuracies of 87.71% and
87.11%, respectively. As observed with SepConv1D and
LSTM architectures, the FFT and DWT-CD representa-
tions resulted in substantially reduced classification per-
formance with average accuracies of 73.78% and 69.68%,
respectively.

Concerning the results with time-domain inputs, the best
class-specific performances were observed for metal bumps
and asphalt bumps, achieving F1-scores of 97.02% and
93.01% respectively. The potholes category was also detected
with high reliability, reaching an average F1-score of 92.20%.
As with the other models, the worn out road category was
the most challenging to classify, with an F1-score of 77.47%
when using time-domain inputs. The classification quality for
the regular road category was slightly above that of the worn
out road, with an average F1-score of 78.90%.

4) CNN-2D
Table 8 shows the performance of the CNN-2Dmodel trained
on CWT inputs, with 5-fold average Precision, Recall, F1-
score, and Accuracy.

The CNN-2D model, trained on CWT inputs, achieved
an average accuracy of 82.53%. The highest class-specific
performance was observed for the metal bumps category,
reaching an average F1-score of 92.25%. High classification
quality was also observed for the potholes and asphalt
bumps categories, with F1-scores of 87.19% and 85.48%,
respectively.

As with the other architectures, the worn out road class
remained the most difficult to identify accurately, yielding
a lower F1-score of 70.16%. Meanwhile, the regular road
category showed intermediate classification performance,
with an average F1-score of 77.17%.
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TABLE 5. Classification performance of SepConv1D architecture for different input data representations in terms of 5-fold average Precision, Recall,
F1-score, and Accuracy (%) for each class and macro-averaged across classes.

TABLE 6. Classification performance of LSTM architecture for different input data representations in terms of 5-fold average Precision, Recall, F1-score,
and Accuracy (%) for each class and macro-averaged across classes.

5) SUMMARY OF BEST REPRESENTATIONS
Tab. 9 summarizes the performance of the baseline DL
models in terms of average accuracy and F1-score with their
respective best data representation domain. Some comments
are reported below.

• For SepConv1D architecture DWT-CA yielded the
best classification performances. This representation
indeed preserves low-frequency information and coarse
structures in the signal, which synergizes well with the
convolutional filters applied at different resolutions.
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TABLE 7. Classification performance of GRU architecture for different input data representations in terms of 5-fold average Precision, Recall, F1-score,
and Accuracy (%) for each class and macro-averaged across classes.

TABLE 8. Classification performance of CNN-2D architecture trained on CWT representation, reported as 5-fold average Precision, Recall, F1-score, and
Accuracy (%) for each class and averaged across classes.

• Concerning LSTM model, time-domain signals demon-
strated a slight superiority compared to DWT-CA. This
outcome could be attributed to the fact that LSTM is
specifically designed to capture temporal dependencies
and sequential patterns in the input data. Time-domain
signals preserve the full temporal continuity and order
of events, which is crucial for LSTM’s memory-based
learning dynamics.

• In contrast, for GRU model Time and DWT-CA
provided comparable classification performance. This
marginal difference suggests that the GRU model is
robust to the type of temporal representation, likely
due to its reduced gating complexity compared to
LSTM, which enables effective modeling of sequential
dependencies even in lower-resolution or transformed
representations.

• The CWT representation combinedwith CNN-2D archi-
tecture provided inferior classification performance
compared to SepConv1D and LSTM with the best input

data types such as DWT-CA and time-domain. Such
behavior could be explained by the fact that both LSTM
and SepConv1D are much more effective in extracting
meaningful features from their respective input data
types than CNN is able to with CWT.

B. EVALUATION OF THE PROPOSED MODEL
Tab. 10 reports the classification results of the proposed
hybrid model trained with the adopted transfer learning
strategy. The input configuration was selected based on
the best-performing data representation for each backbone:
DWT-CA for the SepConv1D and time-domain signals for
the LSTM branch. This configuration was chosen to leverage
the complementary strengths of each architecture and ensure
optimal compatibility with their respective input domains.

The proposed hybrid model demonstrated strong classifi-
cation capabilities, attaining an average accuracy of 89.19%
across the five folds. The best class-specific performance was
observed for the metal bumps, asphalt bumps, and potholes
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TABLE 9. Summary of classification performance for baseline DL models
using their best-performing data representations, reported as 5-fold
average Accuracy and F1-score (%).

categories, achieving average F1-scores of 97.17%, 93.55%,
and 93.53%, respectively. These results indicate the model’s
ability to accurately recognize pronounced anomaly patterns
in both frequency and time domains.

As consistently observed with all tested architectures, the
worn out road category posed the greatest classification
challenge with an average F1-score of 79.81%. The regular
road class exhibited intermediate classification performance,
with an average F1-score of 81.87%.

To assess the statistical robustness of the obtained results,
in this study we computed both the standard deviation
(SD) of accuracy values across all five folds and the
one-tailed p-value derived from a paired t-test, comparing
each of the baseline models against the proposed hybrid
SepConv1-LSTM. Tab. 11 summarizes the comparison of
the results obtained by the baseline DL models: SepConv1D,
LSTM,GRU, andCNN-2D alongside the hybrid SepConv1D-
LSTM trained from scratch. The results are reported in terms
of 5-fold average metrics, SD and p-values with respect to the
proposed model.

The proposed model consistently outperformed all base-
line models, including the same hybrid architecture trained
from scratch. These results underscore the effectiveness of the
transfer learning strategy, which facilitates faster convergence
and leads to a more optimal solution during the fine-tuning
by initializing the model with pretrained weights on the most
suitable data domain for each branch.

Among all baseline models, SepConv1D trained on the
DWT-CA representation exhibited the closest performance
to the proposed hybrid, while LSTM with time-domain
inputs also performed competitively. However, both were
statistically outperformed by the proposed hybrid model (p <

0.05). The CNN-2D model, trained on CWT inputs, showed
the lowest performance across all metrics.

Interestingly, the hybrid SepConv1D-LSTM trained from
scratch did not outperform the standalone SepConv1D and
yielded only marginal improvements over LSTM. This
outcome may be attributed to the challenging experimental
conditions adopted in this study, including a rigorous
cross-validation strategy that ensures disjoint signal events
between training and validation sets. Additionally the dataset

diversity, which spans multiple vehicles, varying speeds
and heterogeneous sensor placements, further increased the
complexity of the classification task, making it more difficult
for the model trained from scratch to generalize effectively.

Tab. 12 further details the comparison between the
proposed hybrid model and the baselines in terms of 5-fold
average F1-scores for each class. The proposed architecture
outperformed all other models on the most challenging and
critical category, worn out road, achieving an average F1-
score of 79.81%. Additionally, the hybrid model yielded
the highest class-specific performance for metal bumps and
potholes, with F1-scores of 97.17% and 93.53%, respectively.
Although the GRU model achieved the highest F1-score for
the asphalt bumps category, it underperformed compared
to the proposed hybrid model on the remaining classes.
The SepConv1D model slightly outperformed the hybrid
model on the regular road and asphalt bumps classes;
however, it achieved lower F1-scores for all other classes
and exhibited an overall inferior classification performance.
The proposed SepConv1D-LSTM enhanced with transfer
learning, achieves the highest overall F1-score over all
classes, as shown in Tab. 11. The number of samples used in
training and test are similar for each class, as shown in Tab. 2.

A notable outcome of this study concerns the worn out road
category, which consistently represents the most challenging
type of anomaly across all architectures due to its subtle
and heterogeneous signal patterns. Despite this intrinsic
difficulty, the proposed hybrid SepConv1D–LSTM trained
with the intra-domain transfer learning strategy achieved
the highest F1-score for this class (79.81%), outperforming
every baseline and state-of-the-art model. This improvement
is particularly significant because worn out road segments are
less distinctive and often overlap in appearance with regular
road conditions, making them prone to misclassification.
The superior performance of the proposed approach suggests
that the complementary feature representations learned by
the pretrained SepConv1D and LSTM backbones enable
a more effective capture of the low-amplitude, long-term
irregularities characteristic of worn surface degradation.
Highlighting this result underscores that the benefit of
the proposed method extends beyond the modest overall
accuracy gain, providing a substantial advantage for the most
ambiguous and practically important anomaly type.

C. COMPARISON WITH STATE-OF-THE ART
ARCHITECTURES
To further evaluate the effectiveness of the proposed hybrid
SepConv1D-LSTM architecture based on transfer learning,
we conducted a comprehensive experimental comparison
against several state-of-the-art DL models previously applied
to road condition monitoring using vibrational signals.

• Hybrid CNN-LSTM (Raslan et al. [20])
This model was proposed in the aforementioned
study [20] to classify road abnormalities from vibra-
tional signals collected with an MPU-9250 sensor. This
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TABLE 10. Classification results of the proposed hybrid SepConv1D-LSTM model based on transfer learning in terms of 5-fold average Precision, Recall,
F1-score and Accuracy (%) for each class and averaged across classes.

TABLE 11. Comparison of classification performance of the proposed hybrid SepConv1D-LSTM model with SepConv1D, LSTM, GRU and CNN-2D in terms
of 5-fold average metrics (%), SD and p-values computed on accuracies across folds.

TABLE 12. Comparison of 5-fold average F1-score for each class, obtained by the proposed hybrid SepConv1D-LSTM architecture to those obtained by
other baseline models.

TABLE 13. Comparison of classification performance of the proposed hybrid SepConv1D-LSTM model with the other DL state-of-the-art architectures in
terms of 5-fold average metrics (%), SD and p-values computed on accuracies across folds.

architecture consists of two parallel branches. The first
branch is a CNN-1D subnetwork comprising two 1D
convolutional layers with ReLU activations and same-
padding: the first with 128 filters and a kernel size of 10,
and the second with 64 filters and kernel size of 3. These
are followed by a Flatten layer and a Dropout layer with
a rate of 0.2. The second branch is an LSTM layer with

128 units followed by a Dropout of 0.2. The outputs
of both branches are concatenated and passed through
a Dense layer with 128 units and ReLU activation,
followed by the final classification Dense layer.

• Transformer (Shavit and Klein [32])
Originally introduced for natural language pro-
cessing tasks, Transformer architectures have been
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TABLE 14. Comparison of 5-fold average F1-score for each class, obtained by the proposed hybrid SepConv1D-LSTM architecture to those obtained by
other state-of- the art DL architectures.

FIGURE 18. Performance comparison in terms of 5-fold average accuracy of the proposed model with the DL
baseline models and the other state-of-the art architectures.

increasingly adopted for time series classification due
to their ability to model long-range dependencies
using self-attention mechanisms, without recurrence.
The adapted architecture used in this study includes
a CNN-1D feature extractor consisting of four
Conv1D layers with GeLU activations, followed by
a stack of six Transformer encoder blocks. The
final encoder output is passed through a Dense
layer with LogSoftmax activation to generate class
probabilities.

• CNN-1D (Menegazzo and von Wangenheim [3])
This model was identified as the best-performing
architecture in [3] for vibrational signal-based road type
classification in a broad comparison involving CNN-
1D, LSTM, and CNN-LSTM. The architecture consists
of two initial blocks, each formed by a sequence of
Conv1D layer, ReLU activation, a BatchNormalization
and a Dropout of 0.15. The Conv1D layers have a kernel
size of 3 and a filters number of 64 and 32 respectively.
The two blocks are followed by a third block made
up by a Conv1D with 32 filters, a ReLU activation,
a GlobalAveragePooling1D, a BatchNormalization and
a Dropout of 0.2. Finally, the output is provided to a
couple of consecutive Dense layers, the first with a

ReLU activation and the second with Softmax activation
producing the class probabilities.

• CNN-1D (Tiwari et al. [11])
This CNN-1D was developed for a crowdsourced,
real-time road surface monitoring system from 3-axis
accelerometer signals and speed. The model includes
two initial Conv1D layers with 24 and 64 filters
respectively, each followed by MaxPooling1D. These
are followed by three additional Conv1D layers with
64 filters each. The resulting feature maps are then
passed through three Dense layers with 1024 units and
finally to the output layer for classification.

• CNN-2D (Ozoglu and Gökgöz [7])
This architecture was designed to process multi-channel
vibrational data (accelerometer and gyroscope) as 2D
images for pothole detection. The image height corre-
sponds to sensor dimensions and the width to time steps.
The tested configuration consists of four Conv2D layers
with 5 × 5 kernels and l2 regularization (0.0001), each
followed by MaxPooling and Dropout of rate 0.3. The
first Conv2D layer has 32 filters; subsequent layers use
64 filters. The output tensor is flattened and processed
by a Dense layer with 64 units and ReLU activation,
followed by a Dropout of 0.5.
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All the considered DL models in this study including
the baseline models, the novel proposed SepConv1D-
LSTM based on transfer learning and the other state-
of-art architectures were trained and evaluated under
identical preprocessing procedures, data generation steps
and the same event-level k-fold evaluation protocol.
Moreover, all models were configured with the same
training hyperparameters. This unified experimental setup
ensures methodological consistency and enables a fair and
reliable comparison of classification performance across
architectures.

For the CNN-1D models by Menegazzo and Gökgöz [3]
and Tiwari et al. [11], input data in the DWT-CA domain
were used. This choice was guided by our earlier findings,
which showed that DWT-CA consistently yields superior
performance in convolutional architectures. Similarly, DWT-
CAwas also used for the Transformer-based model by Shavit
and Klein [32], given its initial convolutional backbone. Like-
wise, the hybrid model proposed by Raslan et al. [20] was
configured with DWT-CA as input for CNN-1D backbone
and with time-signals for the LSTM branch. In contrast, the
CNN-2D model proposed by Ozoglu and Gökgöz [7] was
trained using input data represented in the CWT domain
due to the structural compatibility between two-dimensional
convolutional filters and the spectrogram-like time-frequency
matrices produced by CWT.

Tab. 13 presents the comparative evaluation of the
proposed hybrid SepConv1D–LSTM model, trained via
a transfer learning strategy, against the same hybrid
model trained from scratch and several state-of-the-art
architectures, in terms of 5-fold average classification
metrics.

The proposed hybrid SepConv1D-LSTM model signifi-
cantly outperformed all the other architectures with strong
statistical confidence as evidenced by the p-values well below
the conventional threshold of 0.05 for all comparisons.

Among the existing approaches, the Transformer-based
model achieved the highest classification performance, with
an average accuracy of 85.53% and an average F1-score of
85.46%. Nevertheless, the proposed transfer learning-based
hybrid model yielded a substantial performance improvement
over this architecture. Interestingly, the hybrid CNN–LSTM
model introduced in [20] exhibited the lowest overall
performance among the compared state-of-the-art models.
These findings are further supported by the per-class
F1-score comparison across five folds, as reported in
Table 14.
Fig. 18 visually summarizes the classification accuracy

and standard deviation of all evaluated models. The proposed
hybrid SepConv1D-LSTM architecture, trained with transfer
learning, clearly outperformed all other models, achieving
the highest accuracy while maintaining low variability across
folds. Notably, even compared to its non-pretrained coun-
terpart, the transfer learning approach yielded a measurable
improvement in both performance and consistency. The
state-of-the-art models used for road condition monitoring

including, CNN-1D, CNN-2D, Transformer and the hybrid
alternatives, significantly underperformed against the pro-
posed model, highlighting the effectiveness of combining
domain-specific representations with a carefully designed
hybrid architecture and transfer learning strategy.

VI. CONCLUSION
This work introduced a hybrid SepConv1D-LSTM archi-
tecture for road anomaly classification based on vibrational
signals collected via smartphone sensors. By combining
SepConv1D layers for extracting spatial feature with LSTM
units for modeling temporal dependencies, the proposed
model effectively captures the complex patterns associated
with road surface irregularities.

A key contribution of this study is the adoption of
an intra-domain transfer learning strategy, wherein each
backbone was pretrained on its optimal input representation,
DWT-CA for SepConv1D and time-domain signals for
LSTM, and subsequently finetuned in a unified framework.
This approach enhanced convergence stability and gener-
alization, particularly under conditions of limited data and
heterogeneous sensor setups.

To ensure robust and realistic evaluation, an event-level
stratified 5-fold cross-validation protocol was employed,
mitigating data leakage and simulating deployment scenarios
more accurately.

The proposed model was systematically compared against
a range of baseline architectures, including its standalone
SepConv1D and LSTM components, as well as GRU and
CNN-2D models, never used for this type of applica-
tion. Additionally, several state-of-the-art DL architectures,
already used for road condition monitoring, were evalu-
ated under consistent experimental conditions. A total of
22 architectures were compared using a dataset of about
90,000 samples properly subdivided in training and test.
Different transformations of the time-domain data were
considered: time-domain, Fast Fourier Transform, Discrete
Wavelet Transform with Approximation Coefficients, Dis-
crete Wavelet Transform with Detail Coefficients, and Con-
tinuous Wavelet Transform. The hybrid model consistently
achieved superior performance for all classification metrics
compared to the baseline models and the other state-of-
the-art architectures, with statistical significance across all
folds.

Future research directions may include more the explo-
ration of more advanced fine-tuning techniques to further
enhance generalization capability, such as a layer-wise
training scheme or an approach based on an independent
finetuning of the pretrained SepConv1D and LSTMbranches.
Additionally, future work could explore the performance of
more sophisticated feature fusion mechanisms, incorporating
attention-based modules and regularization techniques to
enhance the combined feature representation. The methodol-
ogy of Deep Learning applied to several data representation
domains such as time-domain, FFT, DWT, and CWT will be
extended by the authors to different applications.
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