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ABSTRACT This paper addresses the challenge of road type classification using deep learning techniques
applied to vibrational signals collected from inertial sensors. Two novel architectures, SepRNet-1D and
SepSERNet-1D, are proposed to achieve high classification accuracy while maintaining computational
efficiency. The SepRNet-1D architecture is a lightweight 1D-CNN composed of multiple residual blocks,
built around a Separable Convolution-1D block, that decomposes the conventional convolution operation into
two distinct stages: a depthwise convolution and a pointwise convolution. SepSERNet- 1D extends this design
by incorporating Squeeze-and-Excitation (SE) modules to enhance feature recalibration and adaptability.
Extensive experiments were conducted on a publicly available benchmark dataset, comparing the proposed
architectures with state-of-the-art CNN, LSTM, hybrid CNN-LSTM models, several 2D-CNN frameworks
and Transformer-based architectures. The evaluations demonstrate the superior classification performance
of SepRNet-1D and SepSERNet-1D in terms of Accuracy, Precision, Recall, and F1-score. Computational
experiments further highlight the lightweight design of the proposed models, achieving inference times below
4 ms in TensorFlow Lite format on a 13 GB RAM desktop CPU. The results underscore the robustness,
versatility, and computational efficiency of SepRNet-1D and SepSERNet-1D, making them highly suitable
for real-world road condition monitoring applications.

INDEX TERMS Deep learning, convolutional neural networks, separable convolution, road condition
monitoring, vibrational signals, inertial sensors.

I. INTRODUCTION

Road condition monitoring plays a crucial role in ensuring
traffic safety, preserving infrastructure, and reducing vehicle
operating costs. Accurate and timely assessment of road
quality is essential for road agencies to prioritize maintenance
activities, optimize resource allocation, and extend the lifes-
pan of road infrastructure. Moreover, real-time information
about road conditions enhances driving comfort, reduces
vehicle wear and tear, and prevents accidents caused by
unexpected hazards such as potholes or uneven surfaces.

The associate editor coordinating the review of this manuscript and

approving it for publication was Shan Cao

Traditional methods of road condition monitoring often
rely on visual inspections or expensive specialized equip-
ment, which are time-consuming and lack scalability. The
integration of modern sensor technologies with intelligent
data processing methods has opened new opportunities for
efficient and scalable road monitoring systems. Vibrational
signals collected using inertial sensors, typically mounted
on vehicles, provide a practical solution for detecting road
anomalies and classifying road types.

Machine learning (ML) techniques, such as Support Vector
Machines (SVM) [1] and Random Forests (RF) [2], have
been extensively applied to process these signals. However,
these methods often encounter challenges in generalizing
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across diverse vehicle types, driving styles, and environ-
mental conditions, thereby limiting their applicability in
large-scale, real-world scenarios.

Recent advancements in deep learning (DL) have
addressed some of these limitations, demonstrating superior
performance in extracting meaningful features and achieving
robust classification. This has led to the adoption of
architectures such as Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTM) networks for road
condition monitoring [3], [4]. Menegazzo et al. [S] presented
an extensive and well-documented benchmark for road type
classification from vibrational signals using CNN, LSTM,
and hybrid CNN-LSTM networks.

Despite these advancements, there remains room for
improvement in terms of generalization capabilities and
classification performance, particularly when aiming to
maintain computational efficiency. These aspects can be
further enhanced by employing advanced and optimized DL
architectures that have not yet been explored for road type
classification using vibrational signals.

Furthermore, comparing the performance of DL archi-
tectures across studies remains challenging due to the lack
of standardized datasets and consistency in data collection,
labeling, and preprocessing methods [6], [7]. This gap
underscores the need for benchmarking and standardized
evaluation frameworks.

This paper addresses these shortcomings by presenting the
following contributions:

o A novel lightweight 1D-CNN architecture. We pro-
pose a new lightweight ID-CNN architecture, named
SepRNet-1D, specifically designed for road type clas-
sification using vibrational signals.

The proposed architecture can be regarded as a cus-
tomized and optimized 1D adaptation of MobileNet
V3 [8]. It combines separable convolutions and residual
blocks to achieve high classification accuracy while
maintaining computational efficiency.

Furthermore, a variant of this architecture, SepSERNet-
1D, integrates Squeeze-and-Excitation (SE) modules to
enhance adaptability across various scenarios, including
both balanced and unbalanced training and validation
splits.

o Comprehensive benchmark comparisons. Extensive

experiments were conducted on a publicly available
benchmark dataset, comparing the proposed models
with state-of-the-art architectures. These include CNNs,
LSTMs, and hybrid CNN-LSTM models specifically
designed for road type classification, as well as other
widely adopted CNN frameworks—such as 2D-CNNs—
and a Transformer-based architecture.
The models’ performance was evaluated under both
unbalanced and balanced training/validation conditions,
reflecting real-world and calibrated scenarios, respec-
tively.
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Additionally, an extensive evaluation was performed
using existing benchmark datasets with the same train-
ing and validation splits as prior studies. This approach
addresses the gap in the literature regarding cross-study
comparisons and promotes standardization in the field.

« Computational experiments. Several computational
experiments were carried out to investigate the trade-off
between classification performance and computational
complexity of the proposed solutions. These experi-
ments also demonstrated the potential of the proposed
architectures for deployment in embedded or mobile
systems, emphasizing their lightweight design and
computational efficiency.

The remainder of this paper is organized as follows.
Section II reviews recent literature on road condition moni-
toring using DL techniques and provides a coincise overview
commonly employed state-of-art CNN architectures for
classification tasks.

Section III introduces the proposed architectures,
SepRNet-1D and SepSERNet-1D, describing their design
principles based on separable convolutions and residual
blocks.

Section IV describes the benchmark dataset used in
this study, the preprocessing procedures applied, and the
configurations of training and validation splits adopted in the
experimental setup.

Section V presents and analyzes the classification results
obtained across all experiments, including a comparative
evaluation against models from the benchmark study as well
as other state-of-the-art architectures under both unbalanced
and balanced scenarios. Furthermore, the outcomes of several
computational experiments are discussed to investigate the
trade-offs between classification performance and computa-
tional cost of the proposed models.

Finally, Section VI concludes the paper and outlines
potential directions for future research.

Il. RELATED WORKS

A. LITERATURE REVIEW ON ROAD CONDITION
MONITORING

The application of DL methods in road condition monitoring
has achieved substantial progress due to the superior ability of
neural networks to process complex data, such as vibrational
signals [6]. Prior to the adoption of DL techniques, traditional
ML approaches, including SVM [1], K-Nearest Neighbors
(KNN) [9], Decision Trees (DT) [10], and Random Forests
(RF) [2], were commonly employed for road condition
assessment using vibrational data.

However, these traditional approaches often faced chal-
lenges in generalizing across diverse environmental con-
ditions, data collection setups, acquisition platforms, and
varying operational speeds. Achieving consistent perfor-
mance across different contexts typically required algorithm
recalibration, which constrained scalability and limited
broader applicability.
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In contrast, DL methods have demonstrated significant
advantages over traditional ML techniques, achieving not
only superior classification performance but also enhanced
generalization across varied scenarios. For instance, even a
simple Multi-Layer Perceptron (MLP) has been shown to
outperform traditional methods such as SVM and DT. Studies
by Basavaraju et al. [11] and Ferijani et al. [12] highlight the
effectiveness of MLPs in classifying road abnormalities using
acceleration data collected from smartphone sensors.

A significant portion of state-of-the-art research employing
DL architectures, such as CNNs and LSTM networks, has
focused less on the development of novel, custom deep
neural network (DNN) architectures. Instead, these studies
have primarily advanced in areas such as the classification
of various types of road anomalies [13], the design of data
collection frameworks [14], the application of advanced
feature extraction techniques [15], [16], and the implementa-
tion of crowdsourced monitoring systems leveraging IoT or
smartphone sensors [17].

For example, Baldini et al. [18] compared raw time-series
data, Short-Time Fourier Transform (STFT), and Morlet
Continuous Wavelet Transform (CWT) features as inputs
to a 2D-CNN for classifying road anomalies and obstacles
using acceleration and rotation data from an Xsens Mti
Movella sensor. Similarly, Varona et al. [3] utilized 3-axis
smartphone accelerometer data with CNN, LSTM, and
Reservoir Computing models to distinguish road anomalies
from acceleration changes caused by driver actions.

In contrast, some studies have proposed hybrid architec-
tures and data fusion methods to enhance DNN performance.
For instance, Raslanetal.[19] introduced a lightweight
hybrid model, SepConvlD-BiLSTM, for classifying road
segments (e.g., normal, speed bump, pothole, or bad road)
using time-series data, including 3-axis acceleration, rotation,
and speed. The Separable-1D-Conv component processed
raw signals, while the BILSTM component utilized features
extracted via FFT transformation.

Similarly, Singh et al. [4] incorporated a binary feature
extractor within an LSTM network to detect potholes using
smartphone accelerometer data.

Further innovations include the hybrid architectures pro-
posed by Pandey et al. [20], which combine image and
acceleration data using a hybrid 2D-CNN + 1D-CNN
network for pothole detection. Data collection was performed
using a smartphone mounted on the windshield, capturing
3-axis acceleration at 100 Hz and images simultaneously.
Additionally, Xin et al. [21] developed a novel crowdsourc-
ing framework for pothole detection, integrating 3-axis
smartphone accelerometer data with video frame features
extracted via multiple convolutional layers.

Conversely, Doz et al. [22] compared the performance of
several time-frequency representations for road type classi-
fication using signals collected with piezoelectric sensors,
employing both ML and DL techniques.

One of the few publicly available datasets in this
domain was introduced by Menegazzo et al. [5], providing
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an extensive and well-documented benchmark for road type
classification from vibrational signals collected with inertial
sensors. The benchmark includes dataset publication, code
for training and testing custom architectures, and models such
as CNN, LSTM, and hybrid CNN-LSTM for classifying road
types (e.g., asphalt, cobblestone, and dirt). This benchmark
represents a critical step toward standardizing performance
comparisons and has been selected for the experiments in this
paper.

However, a prior comparison of state-of-the-art models
by Narit et al. [23] revealed several shortcomings in ensuring
fairness and consistency with the original architectures
described in Menegazzo et al. [S]. For instance, it remains
unclear whether the same training/validation split was used,
and the proposed architecture lacks key details, including
the number of channels, filter sizes, dropout rates, and
convolution types (1D or 2D).

B. STATE-OF-THE-ART CNN ARCHITECTURES

This section provides a concise overview of some of the
most prominent and widely adopted DL architectures, that
have established benchmarks in the field of classification,
offering insights into their design principles and capabilities.
The analysis focuses on several DL frameworks, including
some commonly used CNN architectures and Transformer-
based models. Although these models were not originally
designed for road condition monitoring, they incorporate key
design principles, such as residual connections, separable
convolutions, and self-attention mechanisms, that make them
suitable for time-series classification tasks.

Certain architectures were specifically designed for
real-time implementation on mobile or embedded platforms,
prioritizing lightweight deployment. Conversely, others
emphasize flexibility and scalability for computationally
intensive tasks.

o LeNet [24]. LeNet, one of the earliest CNN archi-
tectures, is renowned for its simplicity and efficiency.
Its structure consists of convolutional layers, pooling
layers, and fully connected layers, making it well-suited
for tasks requiring moderate computational resources.
Although relatively basic compared to modern architec-
tures, LeNet remains a benchmark in the field due to
its low computational overhead and suitability for real-
time implementation. For instance, it has been used for
comparison in [25].

o ResNet [26]. ResNet revolutionized DL architectures
with the introduction of residual blocks featuring skip
connections. These blocks consist of a main path,
where multiple convolutional operations are applied to
the input features, and a skip path, which adjusts the
number of channels to enable summation with the main
path’s output. ResNet was developed in various depths,
including 18, 34, 50, 101, and 152 layers, offering
flexibility based on the computational requirements of
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the task. Its scalable design has made it a cornerstone
for tasks of varying complexity.

« Xception [27]. Xception builds on the Inception archi-
tecture [28] by incorporating separable convolutions into
residual blocks to significantly reduce computational
cost. Separable convolutions divide the standard convo-
lution operation into two steps: filtering and combining,
resulting in a more parameter-efficient model without
sacrificing accuracy. This architecture is particularly
well-suited for high-performance tasks with constrained
computational resources.

o ShuffleNet V2 [29]. ShuffleNet V2 is a lightweight
architecture optimized for mobile and embedded sys-
tems, emphasizing efficient computation and minimal
memory usage. It achieves this through residual blocks
with separable convolutions and innovative techniques
such as channel splitting and channel shuffling, which
ensure balanced feature processing while minimiz-
ing computational overhead. ShuffleNet V2 is ideal
for applications requiring high accuracy in resource-
constrained environments.

o Transformer [30]. Initially developed for sequence

modeling in natural language processing, Transformer
models have recently gained traction in time-series clas-
sification tasks. Their core mechanism, self-attention,
allows the model to evaluate relationships between all
time steps in a sequence simultaneously. This allows
for the extraction of long-range dependencies without
relying on recurrence, making Transformer encoders
particularly effective for time-series application. The
architecture proposed in [30] comprises a stack of four
1D convolutional layers followed by six Transformer
encoder blocks. These blocks generate the feature
representation used by the final dense layer to produce
output probabilities.
This architecture was chosen for comparison in a
recent study conducted by Raslan et al. [19], which
introduced an hybrid SepConv1D-BiLSTM model for
road anomaly classification using vibrational signals.
Among the state-of-the-art models evaluated in that
work, the Transformer model achieved the best classi-
fication performances, demonstrating its effectiveness
and suitability for this task.

« MobileNet V3 [8]. MobileNet V3 represents a sig-
nificant advancement in lightweight CNNs, leveraging
separable convolutions alongside the inverted resid-
ual bottleneck structure and Squeeze-and-Excitation
modules for improved efficiency and performance.
The inverted residual bottleneck expands input
channels through pointwise convolutions, processes
the expanded features using depthwise separable
convolutions, and subsequently reduces the feature
dimensions. This design delivers a high-accuracy
architecture optimized for computational efficiency,
making it well-suited for mobile and embedded
platforms.
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IIl. PROPOSED ARCHITECTURE

The proposed 1D-CNN lightweight architecture was devel-
oped through a principled adaptation of established DL
components, such as separable convolutions, residual con-
nections and SE modules, to the specific characteristics of
1D vibrational signals. This process involved non-trivial
architectural decisions, including the design of residual
connections and separable convolution blocks, as well as the
selection and positions of SE modules. These choices were
guided by empirical effectiveness and their compatibility with
the temporal nature of inertial data.

A. SEPARABLE 1D CONVOLUTIONS

The proposed architecture is structured around residual
blocks, that incorporate separable one-dimensional convo-
lutions. Separable convolutions decompose the conventional
convolution operation into two distinct stages: a depthwise
convolution, which performs spatial filtering across indi-
vidual input channels, and a pointwise convolution, which
modifies the number of output channels by combining the
results across feature maps.

In this architecture, reported in Fig. 1, the one-dimensional
separable convolution block (Separable ConvlD) takes as
input a feature map X e RWYW*Cin The process begin
with a depthwise convolution layer (Depthwise ConvlD)
employing Cj, filters of size D, with corresponding weights
stored in the tensor K9Pt ¢ RP*Cin This operation is
followed by a Rectified Linear Unit activation (ReLU) and a
Batch Normalization layer (BatchNorm). Next a pointwise
convolution (Pointwise ConvlD), is applied to project the
feature representation from Cj, to Cqy channel using the
weights matrix KPOInt ¢ RCnxCou  Ag with the previous
stage, this operation is followed by ReLU and BatchNorm
layers.

These operations can be mathematically expressed as,

D
depth
Zie =By (R (Zqu,cKu,‘?‘ + b)) 0
u=1

Cin .
Yis =By (R (Z Z, KEO™ + bs))
c=1

xVt=1,...,W; Ve=1,...,Cin; Vs=1, ..., Cou;
()

where R(-) represents the ReLU activation function and
Bas(-) denotes the Batch Normalization operator. The terms
of X corresponding to negative matrix indices in depthwise
convolution are handled through zero-padding.

This structure significantly reduces the computational cost
compared to standard convolution by approximately a factor
proportional to the filter size D.

The number of sums and multiplications of Egs. 1, 2, and
of the standard convolution are DCj,, CinCout and DCin Cout,
respectively. Therefore, the reduction in computational
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FIGURE 1. Structure of the 1D separable convolution block for the
proposed architecture.

SepConvlD
Residual

Pointwise ConvlD
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BatchNorm
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W x Cout
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SpatialDropout1D

' Comilt BatchNorm |

output
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FIGURE 2. Structure of the 1D residual block based on separable
convolutions in the proposed SepRNet-1D architecture.

complexity can be expressed as:

FLOP, = 2.Cin CinCout _ Dt Cow 1 5
T DCCot DCow D

B. SepRNet-1D ARCHITECTURE

The proposed SepRNet-1D architecture is a lightweight 1D-
CNN composed of multiple residual blocks, built around the
previously described Separable Conv1D block.

The structure of these blocks, referred to as SepConv1D
Residual, is presented in Fig. 2. Each block processes an input
feature X € RW*C. A pointwise convolution, followed by
ReLU and BatchNorm layers, initially adjusts the number
of channels from C to Cj,. Thereafter, a Separable ConvlD
block further refines the feature map, increasing the number
of channels to Cyy channels. To improve generalization and
mitigate overfitting, a SpatialDropoutlD layer is applied to
the output feature ¥ € RW*Cou, The incorporation of a
SpatialDropout operator was a pivotal design choice, as it
provides effective regularization by randomly dropping entire
spatial feature maps during training. This approach contrasts
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with traditional Dropout, which operates at the individual
feature element level. SpatialDropout has been shown to
outperform traditional Dropout in scenarios with high inter-
channel correlations [31], [32].

The proposed SepRNet-1D, shown in Fig. 3, can be viewed
as an extremely lightweight 1D adaptation of MobileNet V3.
It processes an input multi-dimensional time series X;, €
RW*Nuar wwhere Nyg, represents the number of variables (7
in this case), through an initial convolution comprising a
Conv1D, ReLU, BatchNorm and SpatialDropout1D layers.

This first block is then followed by n residual blocks
(SepConvlD Residual), each employing separable convolu-
tions with varying numbers of internal channels Cj,, output
channels Cqy, kernel size D, and spatial dropout rate r.
A Global Averaged Pooling (GAP) layer then computes the
mean across the spatial axis, producing an output vector of
size C).

The GAP layer was selected over a Flatten layer,
as it significantly reduces trainable parameters and overall
computational complexity. Additionally, it serves as an
effective strategy to mitigate overfitting by limiting the
model’s capacity and promoting generalization [33].

The output vector of the GAP layer is passed through a
Dropout layer, followed by a fully connected Dense layer
with U units, a ReLU, and BatchNorm layers. Finally,
a second Dense layer followed by a Softmax activation layer
produces the predicted class probabilities for the input signal.

Similarly to MobileNet V3, the SepRNet-1D architecture
employs stacked residual units with depthwise separable
convolutions. However, the proposed network features cus-
tomized lightweight 1D separable convolution blocks with
larger kernel size D and a reduces number of filters.

In contrast to the residual bottleneck of MobileNet V3,
the number of internal channels Cj, in SepRNet-1D is
not constrained to be an expansion of the input channels
(¢C, o > 1). Additionally, a maximum of n = 3 residual
blocks was used, ensuring an extremely compact network
design.

C. SepSERNet-1D: IMPROVED SepRNet-1D WITH
SQUEEZE AND EXCITATION MODULE

In addition to the SepRNet-1D architecture described
earlier, this work introduces an alternative version called
SepSERNet-1D, which modifies the structure of the residual
blocks by incorporating a SE module [34].

Given a feature input X € RWxCin_the SE block reduces
its spatial dimension to 1 applying a GAP across the spatial
dimension. This operation produces a vector z € R, which
encapsulates the channel-wise global context of the input
features.

w

e = WZXI,C )

=1

Thereafter, a reduced size-vector f € RCn/” is obtained by
passing z through a fully connected (Dense) layer, where
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. mblocks
input C}gre]SJD W x C© 3 SepCemilD SepConviD EW x &) DI;ZiZ:t Dense Final
Wfamg]le —  BatchNorm 3 - I?(e]s)ldual o) I?Sf;d“al 3 GAP Relu ] Softmax prediction
X Nyar SpatialDropout1D ! Cin’ v Cou, Sp-Dropy Cin’s Cout Sp.Drop,, ! BatchNorm
FIGURE 3. General architecture of the proposed SepRNet-1D.
SE TABLE 1. Description of the nine PVS datasets.
B G G| oe | Co IR
3 | ‘ ! (R L C Dataset Vehicle Driver Scenario
Wy G 7777777777777777777777777777777777777777777777777777777 ° W Cin PVS 1 Volkswagen Saveiro  Driver 1 ~ Scenario 1
PVS 2  Volkswagen Saveiro Driver I  Scenario 2
FIGURE 4. Structure of 1D SE block used in SepSERNet-1D. PVS 3 Volkswagen Saveiro  Driver 1  Scenario 3
) ) PVS 4 Fiat Bravo Driver 2 Scenario 1
r > 1 acts as the reduction ratio, followed by a ReLU layer. PVS 5 Fiat Bravo Driver 2 Scenario 2
The size of the vector is then restored by applying to f another PVS 6 Fiat Bravo Driver 2 Scenario 3
Dense layer, followed by HardSigmoid to produce an output PVS7 Fiat Palio Driver 3 Scenario 1
vector g € RCn . Finally, the output feature map is computed PVS 8 Fiat Palio Driver 3 Scenario 2
. . . PVS9 Fiat Palio Driver 3 Scenario 3
by performing a channel-wise multiplication between the
mp‘?t feature map X and the Vec.to.r 8 effectlvely rewelghtmg TABLE 2. Consistency across classes for the splits of the three
the input channels based on their importance. experiments.
The transformations to compute the output feature map
Y € R"xCin_ which has the same size as the input, can be Asphalt Cobblestone Dirt
expressed mathematically as, road road road
T Train Val Train Val Train Val
f=R(Wz+bw)
Exp.1 1948 1164 1708 384 996 998
T
¢ =on (V f +bv) Exp.2 2134 978 1374 718 1276 718
Exp.3 2066 1046 1442 650 1238 756

Y=Xog 5)
where W € RCnxCn/r v ¢ RCn/r>Cn gre the weight
matrices of to the two FC layers, o is the Hadamard product
and oy () is the hard sigmoid function

op(x) = max (O, min (1, )%3))

Figure 4 illustrates the described SE block, summarizing
the transformations and their role in recalibrating channel-
wise features.

The hard sigmoid activation was selected for its compu-
tational efficiency and suitability for embedded applications,
as demonstrated in MobileNetV3 [8], where it contributes to
reduced inference time without significantly compromising
performance.

SepSERNet-1D incorporates SE modules into the residual
blocks immediately after the depthwise convolution. This
placement was carefully chosen because SE modules pri-
marily function to reweight feature maps, emphasizing the
most relevant ones while suppressing less critical features.
If SE modules were placed after the pointwise convolution,
the effect of feature reweighting would be compromised
by the subsequent application of SpatialDropoutlD, which
randomly removes features during training.

The structure of the modified residual block incorporating
the SE module is illustrated in Fig. 5.

(6)
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IV. DATASET DESCRIPTION

The dataset used in this study was originally collected by [5]
for the classification of road types using vibrational signals
recorded with inertial sensors. The data collection setup
included multiple MPU-9250 units strategically positioned
on both the left and the right sides of the vehicle, a Raspberry
Pi 3 for signal storage, a camera for video acquisition and a
Global Positioning System (GPS) module.

The inertial units were placed in three different positions:
on the dashboard, above the suspension, and below suspen-
sion, on both the left and right sides of the vehicle. Each
MPU-9250 unit was equipped with an accelerometer, gyro-
scope, magnetometer, and temperature sensor. The sampling
frequency for the MPU sensors (accelerometer, gyroscope,
temperature, and magnetometer) was set to 100 Hz, while the
GPS had a sampling rate of 1 Hz. The camera recorded at a
frame rate of 30 Hz.

The response in terms of acceleration and rotation rate
resulting from road irregularities depends not only on the
placement of the Inertial Measurement Unit (IMU) sensors
but also on the vehicle properties and driving style.

Data collection was conducted by driving along three
distinct sets of routes, referred to as ‘scenarios’. To enhance
the generalization capabilities of the classification algorithm,
nine different datasets, named Passive Vehicular Sensors
Dataset (PVS 1-9) in [5], were collected across the three
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SepConvlD-SE

Residual

1( PointWise ConvlD |
! > ReLU W X Cout
| BatchNorm !
. 3 Pointwise ConvlD 7 % DepthConvlD Pointwise ConvlD 7 % 3
e — RelU W x Cun SR SE ReLU W x Cout | epatialDropoutiD ‘ L
x e ! BatchNorm BatchNorm BatchNorm 3 VX Cout
FIGURE 5. Structure of the modified residual block with insertion of SE module.
TABLE 3. Tested configurations of the proposed SepRNet-1D (W D 300).
Number Init Init Init Input Internal — Output Kernel Dropout Final Final
Config channels channels channels . dropout .
of blocks filters kernel dropout sizes rates units
C Cin Coul rate
Config #1 2 64 7 0.1 64,64 64,64 64,64 7,7 0.75,0.75 - -
Config #2 2 64 7 0.1 64,128 64,128 128,128 7,7 0.6,0.6 - -
Config #3 3 64 7 0.1 64,64,64 64,64,64 64,64,64 7,1,7 0.85,0.85,0.85 - -
Config #4 2 64 7 0.1 64,256 64,256 256,256 7,7 0.3,0.3 - -
Config #5 2 64 7 0.1 64,160 64,160 160,160 7,7 0.25,0.25 - -
Config #6 1 64 7 0.1 64 64 256 7 0.6 - -
Config #7 2 64 7 0.1 64,128 64,128 128,128 7,7 0.6,0.6 0.4 64
Config #8 2 64 7 0.1 64,128 64,128 128,128 3,3 0.6,0.6 - -
Config #9 2 64 7 0.1 64,128 256,512 128,128 7,7 0.6,0.6 - -
Config #10 2 64 7 - 64,128 64,128 128,128 7,7 - - -
TABLE 4. Results in terms of Accuracy, Precision, Recall and F1-score of the proposed SepRNet-1D configurations for all experiments.
Exp. Cfg#1 Cfg#2 Cfg#3 Cfg#4 Cfg#5 Cfg#6 Cfg#7 Cfg#8 Cfg#9 Cfg#10
1 96.15 96.78 96.07 96.66 97.00 96.31 95.60 95.84 97.31 95.44
Accurac 2 91.88 92.83 91.09 91.71 91.84 92.13 91.22 92.92 92.17 91.51
y 3 93.80 94.45 94.00 94.17 94.37 93.72 94.45 93.11 94.13 93.47
Avg 93.94 94.69 93.72 94.18 94.40 94.05 93.76 93.96 94.54 93.47
1 94.97 95.32 94.00 9491 95.67 95.12 93.47 93.51 95.83 93.28
Precision 2 91.22 92.10 91.05 91.04 91.16 91.46 90.29 92.34 91.71 90.96
3 92.87 93.68 93.39 93.56 93.54 92.90 93.81 92.16 93.41 92.87
Avg 93.02 93.70 92.97 93.17 93.46 93.16 92.52 92.67 93.65 92.37
1 94.10 95.47 94.00 95.87 95.88 94.00 93.89 94.25 96.73 93.32
Recall 2 90.96 91.12 90.09 90.91 90.08 91.24 90.19 92.11 91.30 90.58
3 92.84 93.66 92.88 93.56 93.50 92.84 93.51 92.19 93.17 92.18
Avg 92.63 93.75 92.32 93.45 93.15 92.69 92.53 92.85 93.73 92.03
1 94.51 95.39 94.22 95.37 95.78 94.52 93.68 93.86 96.26 93.30
Fl-score 2 91.00 92.11 90.03 90.85 91.00 91.24 90.24 92.16 91.29 90.53
3 92.89 93.66 93.03 93.21 93.52 92.84 94.00 92.09 93.29 92.39
Avg 92.80 93.72 92.44 93.14 93.43 92.69 92.52 92.70 93.61 92.07

scenarios, featuring various combinations of car models and
drivers, as detailed in Tab. 1.

Data collected from each individual MPU unit, placed
at specific locations and sides (left or right) within the
vehicle, included 3-axis acceleration (A, Ay, A;), 3-axis
rotation rate (Gy, Gy, G;), vehicle speed, temperature, and
GPS coordinates.

Labeling was performed by classifying individual
raw-time domain signal samples into one of three road
types: asphalt road, cobblestone road, or dirt road. Fig 6
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presents sample frames of acceleration and rotation rate
signals recorded by the sensors placed on the dashboard.
Additionally, in the study conducted by [5] a categorization
for speed bump detection was performed, which was later
used in [35].

A. PREPROCESSING AND SPLITTING

To ensure a fair comparison with the results obtained using
the DL techniques proposed in [5], the same preprocessing
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TABLE 5. Results in terms of Accuracy, Precision, Recall and F1-score of CNN models proposed in [5].

Exp. CNN1 CNN2 CNN3 CNN4 CNNS CNN6 CNN7 CNNS
1 89.17 90.3 95.33 93.48 89.28 95.50 92.50 93.56
Aceur 2 85.17 84.63 89.64 87.49 84.59 87.40 87.70 90.64
couracy 3 8715 8723 9347 9258 8964 9310 9266  93.15
Avg 87.40 87.39 92.81 91.18 87.84 92.00 90.95 92.45
1 86.01 86.35 92.84 90.79 84.48 94.14 88.57 91.00
Precision 2 84.44 83.57 88.87 87.39 84.30 86.30 86.64 89.68
3 85.26 85.43 92.71 91.98 88.26 92.18 91.78 92.22
Avg 85.24 85.12 91.47 90.05 85.68 90.87 89.00 90.86
1 86.58 87.37 93.72 90.62 84.39 92.67 90.23 91.06
Recall 2 83.56 82.89 88.44 86.07 82.90 86.07 86.26 90.00
3 85.42 85.47 92.28 91.10 88.14 91.96 91.40 90.23
Avg 85.22 85.24 91.48 89.26 85.14 90.23 89.30 90.31
1 86.20 86.79 93.26 90.64 84.39 93.38 89.28 90.83
Fl-score 2 83.44 82.71 88.43 85.86 82.50 86.03 86.33 89.65
3 85.29 85.30 92.45 91.31 88.10 92.07 91.55 92.12
Avg 84.69 84.93 91.38 89.27 85.00 90.49 89.05 90.87
TABLE 6. Results in terms of Accuracy, Precision, Recall and F1-score of LSTM models proposed in [5].
Exp. LSTM1 LSTM2 LSTM3 LSTM4 LSTMS LSTM6 LSTM7
1 70.15 83.03 82.80 87.47 74.78 81.87 92.62
Accurac 2 85.55 85.29 85.67 85.75 80.45 88.94 91.80
y 3 90.33 87.64 90.13 87.40 81.73 90.38 92.09
Avg 82.01 85.32 86.20 86.87 78.99 87.10 92.17
1 67.12 78.35 77.68 82.20 70.18 76.98 89.24
Precision 2 84.26 84.07 84.56 84.68 78.84 87.86 91.05
3 88.87 85.83 88.56 85.89 80.05 89.32 91.06
Avg 80.08 82.75 83.60 84.26 76.36 84.72 90.45
1 63.18 65.46 80.38 84.87 70.81 78.75 90.21
Recall 2 83.88 83.78 84.10 84.39 78.86 87.83 90.94
3 88.90 85.99 88.71 85.86 80.08 89.27 90.67
Avg 80.32 78.41 84.40 85.04 76.58 85.28 90.61
1 65.97 65.87 78.30 83.01 69.51 77.50 89.69
Fl-score 2 83.97 83.70 83.98 84.25 78.83 87.80 90.93
3 88.88 85.90 88.64 85.62 79.86 89.03 90.79
Avg 79.61 76.72 83.64 84.29 76.07 84.78 90.43

technique and training/validation splits as those used in [5]
were adopted.

First, a component-wise normalization was applied to the
individual total signals collected for each of the nine PVS
datasets. In [5] three different normalizers were considered:

e Min-Max Normalizer which scales the values to the
range (0, 1);

e Min-Max Normalizer which scales the values to the
range (—1, 1);

o Robust Normalizer which removes the mean and scales
the data based on the interquartile range (IQR).

Since the Min-Max Normalizer yielded the best classifica-
tion performance in [5], the same normalizer was chosen in
this paper.
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Similarly to the preprocessing steps in [5], the sig-
nals from each PVS subset were segmented into non-
overlapping frames. Each frame which were labeled
the most common label value in the corresponding
window.

A fixed window length of 300 samples, corresponding to
a 3 s time window, was used in this study as it provided the
highest classification metrics for the best DL architectures of
each group: CNN, LSTM and CNN-LSTM.

Following the approach in [5], in this work the 3 accelera-
tion components (Ax, Ay, A;), the 3 components of rotational
velocity (Gy, Gy, G;) and also vehicle speed were selected
to construct the training and validation sets. Consequently,
the segmentation of the multidimensional time-series yields
frames of size W X N,q», where W = 300 and Ny, = 7.
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TABLE 7. Results in terms of Accuracy, Precision, Recall and F1-score of CNN-LSTM models proposed in [5].

Exp. CNN-LSTM1 CNN-LSTM2 CNN-LSTM3 CNN-LSTM4 CNN-LSTM5 CNN-LSTM 6
1 91.91 91.48 90.07 91.56 93.95 93.24
Aceur 2 87.74 87.57 87.66 85.29 90.39 90.64
ceuracy 3 91.39 91.39 91.15 90.99 93.52 94.09
Avg 90.35 90.15 89.93 89.28 92.62 92.66
1 87.68 87.42 87.06 87.36 90.97 89.61
Precision 2 86.69 86.81 86.94 84.42 89.64 90.40
3 90.11 90.16 89.87 89.70 92.84 93.36
Avg 88.16 88.13 87.96 87.16 91.15 91.12
1 90.21 88.72 87.78 87.86 91.17 92.32
Recall 2 86.33 86.17 86.29 83.64 89.32 89.59
3 90.06 90.31 89.68 89.51 92.35 93.13
Avg 88.87 88.40 87.92 87.00 90.95 91.68
1 88.63 88.00 87.39 87.60 91.07 90.71
Flscore 2 86.29 86.08 86.20 83.43 89.30 89.51
3 90.07 90.14 89.75 89.60 92.51 93.22
Avg 88.33 88.07 87.78 86.88 90.96 91.15

TABLE 8. Classification results of the best configuration of SepRNet-1D (Cfg #2 in Tab. 4) and SepSERNet-1D, which shares the same configuration

parameters.
Accuracy Precision Recall F1-score
Experiment 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg.
SepRNet-1D 96.78 92.83 9445 94.69 9532 921 93.68 93.70 9547 92.12 93.66 93.75 9539 9211 93.66 93.72
SepSERNet-1D  96.23 91.34 9425 93.94 9495 9046 93.54 9298 93.99 90.36 93.68 92.68 94.44 9040 93.61 92.82

TABLE 9. Results in terms of classification metrics, averaged across experiments for each category, corresponding to the best configuration within each

model group.

Asphalt Cobblestone Dirt
road road road
Precision Recall F1-score Precision Recall F1-score Precision Recall F1-score

SepRNet-1D 98.84 98.87 98.85 88.88 89.84 89.36 93.60 92.84 93.22
SepSERNet-1D 98.68 98.37 98.52 88.66 86.53 87.58 91.68 93.61 92.63
Best CNN [5] 98.60 99.15 98.87 88.17 82.08 85.01 88.70 92.39 90.51
Best LSTM [5] 98.84 98.65 98.74 85.88 82.30 84.06 88.00 90.82 89.39
Best CNN-LSTM [5] 98.86 98.31 98.58 87.03 82.93 84.93 88.69 92.31 90.46

Since vehicle speed strongly influences vehicle accel-
eration response to road irregularities, the inclusion of
the vehicle speed in input data represents an appropriate
choice to enhance the classification performance of the DL
model.

In this paper, signals collected from the dashboard on both
sides of the vehicle were selected for experiments. In the
context of a real-world application, sensor positioning on
the dashboard (rather than near suspension) offers a much
more practical and commonly employed solution in road
condition monitoring systems. This is particularly relevant for
crowdsourced monitoring systems, where sensor installation
near suspension might be intrusive.

The same three training/validation splits (denoted as
Experiment 1, 2, 3) as in [5] were applied, with a subset of
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the nine PVS datasets assigned for training and the remaining
data used for validation.

o Exp. 1 Training: PVS 1, 3,4, 6,7, 9; Test: PVS 2, 5, 8.
o Exp. 2 Training: PVS 1,2, 3,7, 8, 9; Test: PVS 4, 5, 6.
o Exp. 3 Training: PVS 1, 2, 4, 6, 8, 9; Test: PVS 3, 5, 7.

A reasonable criterion was applied for assigning the PVS
subsets to either training or validation sets. In Experiment 1,
the training data included signals from all vehicles (with
their corresponding drivers) for scenarios 1 and 3, while the
validation data consisted of signals from the same vehicles
but collected in a different subsets of roads, namely scenario
2.

In contrast, for Experiment 2, data from all scenarios were
included in both the training and validation set. However, the
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FIGURE 6. Frames of collected signals with sensors placed on left side of
dashboard by driving on each of the three road types on PVS-3.

validation data were collected using a different vehicle than
the one used for training.

For Experiment 3, a more heterogeneous split was chosen.
Both the training and validation data included signals of all
vehicles, but for each vehicle the training and validation sets
were collected in different scenarios.
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FIGURE 7. Acceleration and angular velocity of two examples of
misclassified frames collected by driving on asphalt road.

Tab. 2 presents the number of segmented frames with a
length of 300 samples, belonging to the three classes for the
three experiments.

V. EXPERIMENTAL RESULTS

To demonstrate the effectiveness and the superiority of the
proposed model over the state-of-the-art existing architec-
tures, an extensive comparison was conducted with all the
configurations of CNN, LSTM and CNN-LSTM models
used in [5]. Additionally, the classification performance was
compared to that of by several well known and widely used
state-of-the-art CNN architectures, all of which were trained
and tested on the same training/validation splits as SepRNet-
1D.

All models were implemented in TensorFlow with a Keras
backend (version 2.15.0), in a Python 3.10.12 environment
on a Google Colab Platform, including a NVIDIA Tesla
T4 GPU. For all configurations of the proposed model
and across the three experiments, the Adam optimizer was
employed with a learning rate of 0.001, g1 = 0.9, f» =
0.999, and a batch size of 64. Training was terminated after
50 epochs without any improvement in validation accuracy.

Furthermore, an additional experiment was conducted
by training and testing all models on a custom-generated,
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TABLE 10. Results in terms of classification metrics, averaged across all experiments, obtained by SepRNet-1D, SepSERNet-1D, the best configurations of

CNN, LSTM, CNN-LSTM, and by other state-of-the-art architectures.

Model Accuracy Precision Recall F1-score
SepRNet-1D 94.69 93.70 93.75 93.72
SepSERNet-1D 93.94 92.98 92.68 92.82
Best CNN [5] 92.81 91.47 91.48 91.38
Best LSTM [5] 92.17 90.45 90.61 90.43
Best CNN-LSTM (5] 92.66 91.12 91.68 91.15
LeNet-5 [24] 88.38 85.98 86.53 86.16
Xception [27] 92.49 91.35 90.75 91.17
Truncated ResNet18 [26] 91.30 89.91 89.48 89.54
ShuffleNet v2 0.25x [29] 88.53 86.52 84.97 85.45
Tiny ShuffleNet v2 0.25x [29] 88.47 86.21 86.75 86.07
Transformer [30] 92.40 91.14 91.16 91.04
Transformer tiny [30] 91.14 89.20 89.16 89.67
MobileNet V3 small [8] 90.02 88.56 87.60 87.89
Trunc. MobileNet V3 small [8] 93.12 91.17 92.12 91.80

TABLE 11. Results in terms of classification metrics, averaged across all experiments for each category obtained by SepRNet-1D,SepSERNet-1D, the best
configurations of CNN, LSTM, CNN-LSTM and by the other state-of-the-art architectures.

Asphalt

Cobblestone Dirt road
road
Model Precision Recall Fl-score Precision Recall F1-score Precision Recall F1-score
SepRNet-1D 98.84 98.87 98.85 88.88 89.84 89.36 93.60 92.84 93.22
SepSERNet-1D 98.68 98.37 98.52 88.66 86.53 87.58 91.68 93.61 92.63
Best CNN [5] 98.60 99.15 98.87 88.17 82.08 85.01 88.70 92.39 90.51
Best LSTM [5] 98.84 98.65 98.74 85.88 82.30 84.06 88.00 90.82 89.39
Best CNN-LSTM [5] 98.86 98.31 98.58 87.03 82.93 84.93 88.69 92.31 90.46
LeNet-5 [24] 98.40 96.80 97.60 76.86 7791 77.38 84.16 85.11 84.63
Xception [27] 98.00 98.56 98.28 85.96 84.24 85.10 90.00 90.61 90.30
Truncated ResNet18 [26] 98.37 98.49 98.43 86.77 77.51 81.81 85.61 91.95 88.67
ShuffleNet v2 0.25x [29] 97.90 98.06 97.98 79.39 73.46 76.31 82.76 86.97 84.81
Tiny ShuffleNet v2 0.25x [29] 98.58 98.02 98.30 77.45 75.45 76.39 83.42 85.48 84.48
Transformer [30] 98.61 98.49 98.53 87.16 82.53 84.78 88.20 91.67 89.90
Transformer tiny [30] 98.37 98.49 98.43 83.37 81.28 82.31 87.31 88.71 88.00
MobileNet V3-small [8] 98.35 97.49 97.92 82.04 78.20 80.07 85.05 88.83 86.90
Trunc. MobileNet V3-small [8] 98.84 98.90 98.87 86.58 85.54 86.01 90.45 91.22 90.83

TABLE 12. Consistency of training and validation splits of Custom
Experiment.

Asphalt Cobblestone  Dirt All
road road road classes

Training 2198 1466 1374 5038
Validation 914 626 620 2160
Total 3112 2092 1994 7198

homogeneous train/validation split. This experiment aimed to
evaluate the applicability of our method in a more calibrated
scenario.

Finally, alongside the classification experiments, the
computational performance of SepRNet-1D, SepSERNet-
1D, state-of-the-art architectures, and those proposed by [5]
was compared. This analysis validated the effectiveness
of the proposed approach and highlighted its potential
applicability in environments with limited computational
resources.
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TABLE 13. Number of sample for each PVS subsets for training and
validation slits of Custom Experiment.

Training Validation Total
PVS-1 677 283 960
PVS-2 572 258 836
PVS-3 478 226 704
PVS-4 627 255 882
PVS-5 643 249 892
PVS-6 446 194 640
PVS-7 596 260 856
PVS-8 583 241 824
PVS-9 416 194 610

A. COMPARISON WITH BENCHMARK MODELS

A large number of configurations of the proposed SepRNet-
1D were trained and tested to identify the optimal archi-
tecture configuration that achieves the best classification
performance. To avoid redundant simulations, the modified
SepSERNet-1D was trained and tested using the optimal
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TABLE 14. Results in terms of classification metrics in the Custom Experiment, for the SepRNet-1D, SepSERNet-1D, the best-performing CNN, LSTM,

CNN-LSTM models as well as the other state-of-the-art architectures.

Accuracy Precision Recall Fl-score
SepRNet-1D 96.48 96.15 95.95 96.04
SepSERNet-1D 97.77 97.53 97.45 97.49
Best CNN [5] 95.74 95.25 95.09 95.17
Best LSTM [5] 92.54 91.63 91.42 91.52
Best CNN-LSTM [5] 97.04 96.67 96.59 96.63
LeNet [24] 91.57 90.48 90.29 90.34
Xception [27] 91.85 90.96 90.70 90.77
Truncated ResNet18 [26] 92.91 92.00 92.00 92.00
ShuffleNet v2 0.25x [29] 90.78 89.74 89.39 89.48
Tiny ShuffleNet v2 0.25x [29] 88.89 87.47 87.25 87.29
Transformer [30] 94.31 93.79 93.46 93.71
Transformer tiny [30] 93.70 92.86 92.82 92.83
MobileNet V3-small [8] 88.89 87.41 87.23 87.31
Trunc. MobileNet V3-small [8] 93.10 92.20 92.25 92.23

TABLE 15. Results in terms of classification metrics for each category in the Custom Experiment, obtained by SepRNet-1D, SepSERNet-1D, the
best-performing CNN, LSTM, and CNN-LSTM models, as well as other state-of-the-art architectures.

Asphalt Cobblestone Dirt
road road road
Precision Recall Fl-score Precision Recall Fl-score Precision Recall F1-score

SepRNet-1D 98.49 99.89 99.19 95.71 92.65 94.16 94.26 95.32 94.79
SepSERNet-1D 99.35 99.89 99.62 96.34 96.64 96.49 96.90 95.81 96.35
Best CNN [5] 98.7 99.89 99.29 93.26 92.81 93.03 93.79 92.58 93.18
Best LSTM [5] 97.85 99.78 98.81 88.13 86.58 87.35 88.91 87.9 88.4
Best CNN-LSTM [5] 99.35 99.89 99.62 95.34 94.73 95.03 95.31 95.16 95.24
LeNet [24] 98.38 99.89 99.13 88.41 82.91 85.57 84.65 88.06 86.32
Xception [27] 97.42 99.34 98.37 89.67 83.22 86.33 85.78 89.52 87.61
Truncated ResNet18 [26] 98.80 98.80 98.80 88.23 88.66 88.45 88.98 88.55 88.76
ShuffleNet v2 0.25x [29] 97.64 99.67 98.64 83.10 88.02 85.49 88.48 80.48 84.29
Tiny ShuffleNet v2 0.25x [29] 98.06 99.34 98.70 79.93 84.66 82.23 84.41 77.74 80.94
Transformer [30] 97.23 99.78 98.49 92.83 88.98 90.86 91.32 91.61 91.41
Transformer tiny [30] 99.23 99.34 99.29 88.32 90.58 89.48 91.04 88.55 89.78
MobileNet V3-small [8] 97.53 99.56 98.54 81.24 81.63 81.43 83.44 80.48 81.94
Trunc. MobileNet V3-small [8] 99.01 98.58 98.79 88.80 88.66 88.73 88.80 89.52 89.16

architecture configuration found for SepRNet-1D, with the
reduction ratio set to r = 4.

The architecture parameters were selected using a grid
search approach, adjusting the kernel size, the number of
internal channels Cj,, the number of output channels Cgyy,
the dropout rate r for each block, and the parameters of the
Dense unit block positioned after the GAP layer.

Tab. 3 reports the best configurations of the SepRNet-1D
architecture identified through this method.

All the configurations share identical parameters for the
initial convolutional layer, including the number of output
channels and the kernel size.

Config #7 introduces the block containing a Dropout layer,
a Dense layer, ReLU activation, and BatchNormalization.
For the remaining configurations, the final Dense layer
with Softmax activation was placed directly after the
GlobalAveragePooling layer.

Config #10 is similar to config #2, but excludes the
SpatialDropout1D layer from both the residual units and the
initial convolution block.
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For each of the three experiments, the classification results
were evaluated using macro-averaged metrics across classes,
namely: Accuracy, Precision, Recall and Fl-score. The
average values across the three experiments were calculated
to provide a comprehensive assessment of classification
performance, as the experiments use different training and
validation data. Tab. 4 presents the classification results in
terms of Accuracy, Precision, Recall, and F1-score on the
validation set for each experiment, along with the average
values across all experiments.

o The configuration of the proposed SepRNet-1D that
achieved the best overall performance was config
#2, which obtained the highest averaged classification
metrics across experiments. Specifically, an average
accuracy of 94.69% was achieved.

« Experiment 2 proved to be the most challenging, as all
configurations exhibited the lowest performance across
the various train/validation splits. This outcome can
be attributed to the pronounced mismatch between
the training and validation data in this experiment.
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Specifically, the validation set contained signals col-
lected from a different vehicle and driver compared to
the training set. The dependence of the acceleration
response on vehicle properties significantly hindered the
models’ generalization ability.

o The highest accuracy values for Experiments 1, 2 and
3 were achieved by config #9, config #8, and con-
fig #2, respectively. These configurations shared the
same number of blocks, internal channels, and output
channels. However, using a kernel size of 3 instead
of 7 for the depthwise convolutions maintained good
accuracy and Fl-score obtained in Experiment 2 but
noticeably reduced these metrics in the other splits.
The use of a larger number of internal channels, as in
config #9 (similar to the residual inverted bottlenecks
of MobileNet V3) did not yield an improvement in the
averaged metrics.

« Increasing the number of block from 2 to 3 did not
result in significant improvement in config #3. Similarly,
the addition of a Dense layer, ReLU activation and a
Dropout in config #7 led to a decrease in accuracy of
1.18% and 1.61% for Experiments 1 and 2, respectively,
compared to config #2.

e The removal of the SpatialDropoutlD layer from
config #2 resulted in a significant deterioration in
performance, as demonstrated by config #10, which
exhibited the worst classification metrics among all
configurations.

For comparison, Tab. 5, 6, and 7 report the classification
results for CNN, LSTM and CNN-LSTM models proposed
in [5]. The configurations of the three models (8 CNN, 7
LSTM and 6 CNN-LSTM) are defined in [5]. In this study,
the architectures have been implemented, trained, and tested
using signals collected from the dashboard, whereas in the
reference paper, the models were trained with sensors below
the suspension.

Fig. 7 illustrates two examples of signal frames labeled as
asphalt road, which were misclassified by SepRNet-1D as
cobblestone road and dirt road, respectively. Fig.8 shows the
cumulative confusion matrices for the best-performing CNN,
LSTM, and CNN-LSTM models, as proposed in [5]. Con-
versely, Fig. 9 presents the cumulative confusion matrices for
the proposed SepRNet-1D and SepSERNet- 1D architectures.
The confusion matrices were computed by aggregating all
samples from the validation sets across all experiments.

The strong generalization capabilities demonstrated by
the proposed architectures SepRNet-1D and SepSERNet-1D
architectures across all the validation splits, indicate their
adaptability for road type classification using vibrational
signals in real-world scenarios.

Tab. 8 presents the classification metrics for each exper-
iment related to the configuration of SepRNet-1D, which
achieved the best average performance across all experiments
among the models whose results are reported in Tab. 4,

VOLUME 13, 2025

3000

dirt_road
2500

2000

cobblestone_road 1500

True label

1000

asphalt_road 500

3000
2500
2000
1500
1000
500

3000
2500
2000
1500
1000
500

FIGURE 8. Cumulative confusion matrices of best architecture
configurations proposed by [5].
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and compared to SepSERNet-1D, which shares the same
parameter settings.

Tab. 9 reports the classification metrics averaged across all
the experiments for each class for best-performing proposed
architectures and CNN, LSTM, and CNN-LSTM models
proposed in [5].

B. COMPARISON WITH STATE-OF-THE-ART NETWORKS
This section compares the results obtained using SepRNet-
1D with those achieved by other widely utilized state-of-the-
art CNN architectures.
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FIGURE 9. Cumulative confusion matrices of SepRNet-1D and SepRSERNet-1D.

The architectures selected for this comparison include
LeNet [24], ResNet-18 [26], ShuffleNet V2 0.25x [29],
Xception [27], Transformer [30] and MobileNet V3 [8]. The
key innovations and design principles of these architectures
were previously analyzed in Subsection II-B, where their
unique contributions were also discussed.

However the original designs of these architectures
computationally demanding, either due to the complexity of
the tasks involved or the optimization of architecture itself.
To ensure a fair comparison, lightweight adaptations of these
architectures were implemented as follows:

o LeNet, due to of its inherently low computational cost,
was considered lightweight in its original form.

« ResNet-18 was adapted by truncating the residual block
chain after the first two stages.

o ShuffleNet V2 0.25x was truncated after the first
two residual blocks with shuffle units, resulting in a
lightweight version referred to as Tiny ShuffleNet V2
0.25x.

o In addition to the original Transformer architecture
proposed in [30], a lightweight variant referred to as
Transformer-tiny was implemented in this paper. This
version reduces both the number of convolutions and
the number of transformer encoder blocks to two, while
preserving the original number of convolution filters and
encoder output dimensions.

o MobileNet V3-small was modified by truncating the
backbone after the first two inverted residual bottle-
necks.

These networks were trained on the same three splits used
for SepRNet-1D and the benchmark models from [5], using
identical training hyperparameters, including the optimizer,
learning rate, batch size, and stopping condition.

To train the 2D-CNN models, the input signal frame matrix
of size W x N, was treated as an image-like input with
dimensions W x N, X 1. In contrast, the Transformer models
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process the input matrix with 1D convolutions as a 1D multi-
dimensional timeseries with a shape W X N,;.

Tab. 10 reports the classification metrics averaged across
the experiments for the proposed models and the state-of-the-
art models.

SepRNet-1D consistently outperformed all the models
across all averaged metrics, demonstrating its effectiveness.
LeNet, due to its simplistic design, exhibited the poorest
classification performance, achieving only 88.38% accuracy.
This reflects its inefficiency in handling too much complex
tasks effectively.

Similarly, both ShuffleNet V2 and its lightweight counter-
part, Tiny ShuffleNet V2, did not provide satisfactory results,
with average accuracies below 89%.

Intermediate performance was observed for the truncated
ResNet-18 and Xception architectures. Despite their larger
sizes and computational overhead, which typically enhance
feature extraction capabilities, these factors may have
affected their generalization ability in this context.

The best performance among state-of-the-art models was
achieved by the truncated MobileNet V3-small, which
demonstrated good generalization capabilities with an aver-
aged accuracy of 93.12%.

The full version of MobileNet V3-small performed sig-
nificantly worse than its truncated counterpart. This decline
in performance may be attributed to its deeper architecture,
which likely made it more prone to overfitting.

The original Transformer model proposed in [30] obtained
superior performance compared to majority of 2D-CNN
models such as LeNet, Truncated ResNet-18, ShuffleNet
V2 and Tiny ShuffleNet V2, with an average accuracy of
92.40%. These results highlight the robustness and the adapt-
ability of this architecture for classification tasks involving
raw-time domain signals across diverse domains. Despite
this, the Transformer did not surpass both the proposed
models SepRNet-1D and SepSERNet-1D and also Truncated
MobileNetV3small. The lightweight variant, Transformer-
tiny, yielded lower performance with a 91.14% average
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accuracy. This results suggests that the performance gap is
not attributable to overfitting in the full Transformer model,
but rather to architectural differences and domain-specific
optimization.

In summary, 1D-CNNs and hybrid CNN-LSTM models
provided to be much more effective for tasks involving
raw time-domain signals compared to 2D-CNNs, which are
typically applied to images. The inherent one-dimensional
structure of 1D-CNNs and CNN-LSTM architectures indeed
makes them significantly more effective than 2D-CNNs
in extracting features from raw time-domain signals. The
Transformer model, thanks to its design, which include
1D convolutions and self-attention mechanisms, provided
comparable results to 1D-CNNs, while not reaching the
performance of the proposed models.

The best results were obtained by the SepRNet-1D
architecture, which was specifically designed to address the
characteristics of vibrational signal data.

This superiority is further supported by Tab. 11, which
reports the classification metrics for each road type.

C. CUSTOM EXPERIMENT

As discussed in previous subsections, the three train-
ing/validation splits selected for the experiments were
intentionally designed to contain unbalanced data to evaluate
the effectiveness of the proposed approach under uncalibrated
conditions.

Conversely, it is also important to assess the feasibility
of the proposed model in a more calibrated scenario, where
homogeneous training and validation sets are used.

To investigate the performance of the proposed SepRNet-
1D and SepSERNet-1D architectures under balanced condi-
tions, an additional experiment was conducted using balanced
training and validation sets.

Signals from all PVS subsets (PVS-1 to PVS-9) were
segmented into non-overlapping windows of 300 samples and
then randomly split into homogeneous training and validation
sets with a 70%/30% ratio. The consistency of the custom-
generated split, in terms of the number of samples per class
and the distribution of samples across the different PVS
subsets, is reported in Tab. 12 and Tab. 13, respectively.

To investigate the classification performance on the
validation set of the custom experiment, SepRNet-1D and
SepSERNet-1D were compared to the best-performing CNN,
LSTM, and CNN-LSTM models. Additionally, the other
state-of-the-art architectures were also included in the
comparison.

In this experiment, the Adam optimizer was employed
with a batch size of 64 and an initial learning rate of 0.001,
which was reduced by a factor of 0.8 every 50 epochs without
improvement in validation accuracy. Training was terminated
after a maximum of 200 epochs without further improvement.

Tab. 14 presents the results in terms of averaged clas-
sification metrics across classes on the custom experiment
for SepRNet-1D, SepSERNet-1D, the best CNN, LSTM,
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CNN-LSTM models, as well as the other state-of-the-art
architectures.

The modified architecture, SepSERNet-1D, achieved the
highest classification metrics among all models, with a
notable improvement of 1.29% in accuracy compared to
SepRNet-1D. These results suggest that the SE module’s
effectiveness in reducing the less essential features enhances
classification performance in scenarios with balanced train-
ing and validation sets. Conversely, in the unbalanced sets
scenario, the presence of less informative features was
already limited, reducing the impact of the SE module’s
feature recalibration mechanism. As a result, its ability to
enhance classification performance was diminished, suggest-
ing that the benefits of channel-wise attention are more
pronounced when the feature distribution is more uniform
across classes.

Both SepSERNet-1D and SepRNet-1D outperformed the
best CNN and LSTM models, with a particularly pronounced
performance gap between these two groups. Notably,
the CNN-LSTM model demonstrated strong generalization
capabilities in this experiment, surpassing both CNN and
LSTM models and also slightly outperforming SepRNet-
1D. However, SepSERNet-1D achieved the best overall
performances, highlighting the effectiveness of the modified
architecture in this context.

These findings are further supported by the classification
metrics for each class, as reported in Tab. 15.

Fig. 10 illustrates the confusion matrices obtained in
the custom experiment by SepRNet-1D and SepSERNet-1D
architectures.

A comprehensive analysis of the results across all
experiments conducted in this study, including the custom
experiment, demonstrates that SepSERNet-1D consistently
outperformed all state-of-the-art architectures in both bal-
anced and unbalanced scenarios. For unbalanced sets,
SepRNet-1D achieved the highest classification metrics,
showcasing its robustness in handling imbalanced data. Con-
versely, SepSERNet-1D exhibited superior performances for
balanced datasets. The strong performance across different
scenarios underscore the versatility and effectiveness of
SepSERNet-1D in addressing the challenges of road type
classification using raw vibrational data. Data dependence
on driver style, car type, sensor position in the car, and
sensor quality (including bias and white noise affecting the
IMU sensor) can negatively impact the accuracy of road type
classification. These limitations can be partially mitigated
through data normalization during the preprocessing phase,
and further improved by appropriately balancing the training
and test dataset, as proposed in this custom experiment.
The improvement in classification accuracy is supported
by the results presented in this section. A comparison
between Tables 13 and 14 reveals that, in general, all
architectures exhibit enhanced performances in the custom
balanced experiment proposed in this work, compared to
those proposed by Menegazzo et al. [5]. These limitations can
be partially mitigated through data normalization during the
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FIGURE 10. Confusion matrices of SepRNet-1D and SepSERNet-1D for the custom experiment.

preprocessing phase, and further improved by appropriately
balancing the training and test dataset, as proposed in
this custom experiment. The improvement in classification
accuracy is supported by the results presented in this section.
A comparison between Tables 13 and 14 reveals that,
in general, all architectures exhibit enhanced performances
in the custom balanced experiment proposed in this work,
compared to those proposed by Menegazzo et al. [5].

D. COMPUTATIONAL EXPERIMENTS

In addition to the classification experiments described in
the previous subsections, several computational experiments
were conducted to evaluate the computational cost, number of
parameters, memory usage and inference time for each model
on a desktop platform.

To demonstrate the potential feasibility of the proposed
model for embedded and mobile system implementations,
the computational experiments were further extended to
include the memory usage and inference time obtained after
converting the models to TensorFlow Lite (.tflite) quantized
format. Quantization to the.tflite format, is one of the most
widely adopted techniques to accelerate model execution on
embedded devices with limited memory and computational
capacity.

The proposed SepSERNet-1D, SepRNet-1D, and the other
state-of-the-art models were converted from Keras.h5 to.tflite
format using float-fallback quantization. This process con-
verts the model weights to 8 bit integers while maintaining
activations at 32 bit precision.

Tab. 16 reports the computational results for each model in
terms of the number of parameters, computational cost of a
single sample inference (measured in Floating Point Opera-
tions, FLOPs), memory usage (in MB) for both.h5 and.tflite
formats, and inference time per sample for the.h5 format
(evaluated on an NVIDIA Tesla T4 GPU) and the.tflite format
(evaluated on a CPU with 13 GB RAM). For both formats,
inference time was computed by averaging the inference
times obtained over 1,000 samples.
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The conversion to.tflite format for the best CNN-LSTM
model was not feasible due to the Keras TimeDistributed
layer which is not supported by the TensorFlow Lite
converter.

LeNet, Tiny ShuffleNet V2 0.25x, Truncated MobileNet
V3-small, and the best CNN model demonstrated highly com-
petitive computational performance compared to SepRNet-
1D and SepSERNet-1D. However, the very low inference
time and computational complexity of LeNet and Tiny
ShuffleNet V2 0.25x were offset by their poor classification
performance.

SepRNet-1D and SepSERNet-1D demonstrated excellent
computational performance, achieving inference times of
less than 4 ms in.tflite format, while maintaining superior
classification quality across all experiments.

Truncated MobileNet V3-small and the best CNN showed
slightly better computational performance, with MobileNet
V3-small achieving an inference time of 1 ms.

The best CNN model outperformed all the state-of-
the-art architectures in balancing computational complexity
and classification quality. Nevertheless, SepRNet-1D and
SepSERNet-1D provides better classification performance
across diverse scenarios while maintaining a strong compu-
tational efficiency.

Transformer-tiny model exhibited lower computational
efficiency compared to the proposed SepRNet-1D and
SepSERNet-1D as well as to the Truncated MobileNet V3-
small. In addition, it achieves inferior classification accuracy
relative to the proposed models and several other state-of-art
architectures.

Finally, the computational performances of the LSTM
and CNN-LSTM models (on a desktop GPU) was
significantly worse than that of the best CNN model
due to the temporal delays introduced by the LSTM
units. Furthermore, both Truncated MobileNet V3-small
and the best CNN model failed to achieve satisfac-
tory classification accuracy in the balanced datasets
scenario.
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TABLE 16. Results of the computational experiments for SepSERNet-1D, SepRNet-1D, the best-performing CNN, LSTM and CNN-LSTM models, as well as

the other state-of-the-art architectures.

Memory Inference Memory

Computational . Inference
Number of . cost time on cost .
Model complexity . time
parameters (MFLOPs) .hS GPU .tflite tflite
(.MB) (.h5) (MB) :
SepRNet-1D 79299 45.54 1.07 28.29 0.12 2.64
SepSERNet-1D 89779 45.59 1.23 48.23 0.13 347
Best CNN [5] 12355 6.35 0.21 17.75 0.02 0.42
Best LSTM [5] 215603 0.43 2.54 1497.34 0.24 49.15
Best CNN-LSTM [5] 356815 0.51 4.20 121.77 - -
LeNet [24] 1021111 7.76 11.70 6.60 0.98 1.43
Xception [27] 20867051 5202.98 239.10 103.03 20.53 121.83
Truncated ResNet18 [26] 682950 227.06 8.00 22.50 0.68 9.74
ShuffleNet v2 0.25x [29] 109329 11.73 3.08 308.70 0.34 2.65
Tiny ShuffleNet v2 0.25x [29] 7809 1.11 0.32 48.44 0.027 0.33
Transformer [30] 326403 202.74 4.10 129.38 0.50 21.73
Transformer tiny [30] 134531 69.06 1.70 51.25 0.23 7.32
MobileNet V3-small [8] 1532755 169.82 18.40 173.28 1.64 12.30
Trunc. MobileNet V3-small [8] 7947 4.95 0.28 23.18 0.02 1.12
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FIGURE 11. Comparison of computational and classification metrics for all the simulated architectures.

Based on these findings, it can be concluded that the
proposed models offers a superior trade-off between classi-
fication quality across diverse scenarios and computational
performance compared to all the state-of-the-art architec-
tures.
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Fig. 11 provides a graphical summary of the performances
of the 14 architectures considered. The computational
performance metrics reported in Tab. 16 were normalized
to better visualize the results alongside the classification
performance metrics reported in Tab. 11 and Tab. 14.
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The normalized performances have been obtained using
the following relation Py, = (1 — (P/Pmax))-

In this way the values of the normalized performances
varies from O to 100% and the best performance corresponds
to 100%.

VI. CONCLUSION

This paper addresses the problem of road type classification
using deep learning architectures applied to vibrational
signals collected from inertial sensors. A total of 46 config-
urations across 14 architectures were designed, trained and
validated to comprehensively evaluate their performance.

In particular, this study proposed SepRNet-1D, a custom,
lightweight 1D-CNN architecture that leverages separable
convolutions and residual blocks, specifically tailored for
road type classification using vibrational signals from
inertial sensors. Additionally, a modified version, named
SepSERNet-1D, was introduced, incorporating Squeeze-and-
Excitation (SE) modules to enhance feature recalibration and
improve adaptability.

Comprehensive evaluations were performed using the
benchmark dataset [5], employing the same preprocessing
steps, training hyperparameters, and training/validation splits
as the original benchmark to ensure a fair comparison.
Furthermore, a custom experiment with balanced train-
ing/validation sets was conducted to assess the feasibility of
the proposed models in diverse scenarios.

The results demonstrated that SepRNet-1D and SepSER
Net-1D consistently outperformed state-of-the-art architec-
tures and the benchmark models in terms of classification
metrics across imbalanced training/validation sets used
in the benchmark. For balanced datasets, SepSERNet-1D
exhibited improved performance compared to SepRNet-
1D, highlighting its adaptability in both calibrated and
uncalibrated settings.

Several computational experiments underscored the effi-
ciency of SepRNet-1D and SepSERNet-1D, showcasing
competitive computational costs, memory usage, and infer-
ence times on a 13 GB RAM desktop CPU after quantization
to TensorFlow Lite format.

Future research directions could include further optimiza-
tion of the architecture by incorporating next-generation
residual units based on separable convolutions, such as those
utilized in ConvNext [36]. Additionally, the potential benefit
of integrating spatial and channel attention modules could be
explored.

Finally, the feasibility deploying the proposed architec-
tures for real-time detection on embedded or mobile systems
could be demonstrated by evaluating their computational
performance on such devices.
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