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Abstract—Smart cities require mobility services that are not
only connected and data-driven, but also able to reduce energy
demand and local emissions under real operating conditions. In
this extended abstract we present the next step of a research
line on driver-behaviour-aware control modules developed within
the PRODIGI project. While previous work investigated Support
Vector Machines and a comparative set of classical supervised
classifiers, the proposed study introduces a wavelet-based repre-
sentation of vehicle dynamics to identify aggressive and cautious
driving behaviours. By decomposing speed- and acceleration-
related signals in the time–frequency domain, the method is
designed to capture short transients, oscillations, and multi-
scale patterns that are usually smoothed out by purely statistical
features. The expected outcome is a lightweight classification
pipeline suitable for embedded control units and for integration
with smart-road and connected-vehicle infrastructures.

Index Terms—Smart cities; intelligent transportation systems;
driver behaviour; wavelet transform; connected mobility; embed-
ded machine learning.

I. INTRODUCTION

The digital transformation of urban environments is foster-
ing the development of Smart Cities where data-driven services
continuously improve sustainability, mobility, safety, and qual-
ity of life. Among the various application domains, Intelligent
Transportation Systems (ITS) and Cooperative ITS (C-ITS)
play a fundamental role in enabling safer and more efficient
mobility ecosystems. Modern vehicles continuously generate
large amounts of information through onboard sensors, Elec-
tronic Control Units (ECUs), and CAN-BUS ommunication
networks. Such data can be exploited to extract behavioural
patterns and support adaptive services including eco-driving
assistance, intelligent fleet management, dynamic insurance
policies, traffic prediction, and Vehicle-toEverything (V2X)
communication systems.

In this landscape, Driver Behaviour Classification has be-
come a fundamental enabling process for intelligent trans-
portation systems, as it provides actionable insights into driv-
ing patterns that can be leveraged to improve road safety,
optimize traffic management, enhance energy efficiency, and
support personalized mobility services in connected and smart
urban environments.

This paper starts from the outcomes of the PRODIGI
research project (PROcessi decisionali DIGitalizzati per una
propulsione ad Idrogeno efficiente ed efficace), funded under
the Italian National Recovery and Resilience Plan (NRRP)

and completed last year, whose broader objective is the de-
velopment of intelligent decision-making processes for future
mobility platforms.

The previous studies conducted [1] [2] investigated machine
learning approaches for driver behaviour classification and
adaptive vehicle control. Building upon these results, the
present work focuses on a novel signal-processing perspective
based on Wavelet Transform techniques.

In fact, unlike traditional statistical approaches, wavelets
enable simultaneous analysis in both time and frequency
domains, making them particularly suitable for non-stationary
signals such as vehicle telemetry. The proposed methodology
aims at exploiting these properties to improve the characteri-
zation of driving styles and support future Edge AI services
within connected urban mobility ecosystems.

II. PROPOSED APPROACH

The Wavelet Transform decomposes a signal into compo-
nents associated with different frequency bands and temporal
resolutions. This property makes wavelets particularly suitable
for analysing non-stationary signals, such as those generated
by vehicle dynamics during real-world driving. So, the pro-
posed framework applies Discrete Wavelet Transform (DWT)
to selected driving signals. Multi-scale decomposition allows
the extraction of both low-frequency trends and high-frequency
transient events associated with aggressive manoeuvres. Statis-
tical descriptors are computed from approximation and detail
coefficients and used as input features for the classification
stage.

The adoption of Wavelet Transform offers several advan-
tages:

• simultaneous time-frequency analysis;
• effective representation of non-stationary signals;
• identification of abrupt driving events;
• robustness against measurement noise;
• suitability for Edge AI implementations.
However, some limitations must also be considered: per-

formance level strongly depends on wavelet family selection,
and feature extraction introduces additional computational
overhead.

The proposed workflow is shown in Fig. 1: in the first step,
the vehicle dynamic signals, including speed, acceleration, and
derived quantities such as jerk and power-demand proxies,
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Fig. 1. Principle pipeline for wavelet-based driver behaviour classification.

have collected during real driving. A physics-based labelling
stage assigns each time window to a cautious or aggressive
class, following the rationale adopted in our previous work [2].

Instead of describing each window only through global
statistics, we apply discrete wavelet transform (DWT) and
wavelet packet decomposition to obtain multi-resolution coef-
ficients. Given a signal x(t), the continuous wavelet transform
is
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1√
|a|
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(
t− b

a

)
dt, (1)

where a is the scale, b the translation, and ψ the mother
wavelet. In the discrete case, approximation and detail coeffi-
cients can be computed as

aj [k] =
∑
n

h[n−2k]aj−1[n], dj [k] =
∑
n

g[n−2k]aj−1[n],

(2)
with h and g denoting low-pass and high-pass filters. These
coefficients separate low-frequency trends, associated with
route and traffic conditions, from high-frequency components,
associated with sudden throttle/brake actions and stop-and-go
dynamics.

The choice of particular ML technique to use focuses
on four criteria: classification performance, robustness across
trips, inference latency, and memory footprint. This is essential
because the final target is not an offline analytics dashboard,
but an embedded module able to adapt control parameters
in real time or near real time. From the wavelet domain we
extract compact descriptors such as sub-band energy, entropy,
coefficient variance, and ratios between detail and approxi-
mation components. These features are then used to train and
compare lightweight classifiers, such as SVM, Random Forest,
Gradient Boosting, and Logistic Regression.

For conduct the experiments, we use the HCRL Driving
dataset1 [3], built recording data from real vehicles. The
dataset includes 51 different features sourced by CAN-BUS
car devices, associated with the conditions of the vehicle, and
the data consists in 94,401 records recorded every second with
the size of 16.7Mb in total.

III. SMART-CITY RELEVANCE

The proposed classifier can act as a human-in-the-loop sens-
ing layer for smart mobility. At vehicle level, it can support
adaptive calibration by selecting control maps that better match
the current driving style. At infrastructure level, aggregated
and anonymised behaviour indicators can enrich smart-road
services, eco-driving feedback, and fleet-management plat-
forms. In connected-to-everything scenarios, a city may com-
bine traffic-light timing, congestion information, and driver-
style estimation to reduce unnecessary transients, thereby

1Available at https://ocslab.hksecurity.net/Datasets/driving-dataset

improving energy efficiency and comfort without imposing
fully automated control.

Compared with previous SVM-only and classifier-
comparison studies, the wavelet representation is expected to
be more suitable for urban trips, where informative events
are short, non-stationary, and distributed over multiple time
scales. In other words, the proposed approach uses data
already available in connected vehicles and transforms it into
actionable intelligence for sustainable urban mobility.

IV. EXPECTED CONTRIBUTION AND WORK PLAN

The study will deliver: (i) a wavelet-based feature-extraction
module for driver behaviour classification; (ii) an experimental
comparison with time-domain baselines from related work,
and (iii) an analysis of computational cost for embedded
deployment. The final validation will consider both machine-
learning metrics, such as accuracy, F1-score, and confusion
matrices, and engineering metrics, such as inference time and
feature-vector size.

The main expected result is a classification pipeline that
preserves the accuracy of state-of-the-art supervised mod-
els while improving the interpretability of aggressive events
through time–frequency features. This will support the design
of behaviour-aware control modules for connected vehicles
and provide a reusable ICT component for low-emission,
connected smart-city transportation.
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