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VEHICULAR 2026

Forward

The Fifteenth International Conference on Advances in Vehicular Systems, Technologies and

Applications (VEHICULAR 2026), held between March 8-th, 2026 and March 12-th, 2026 in Valencia,

Spain, continued a series of international events on considering state-of-the-art technologies for

information dissemination in vehicle-to-vehicle and vehicle-to-infrastructure and focusing on advances

in vehicular systems, technologies, and applications.

Mobility brought new dimensions to communication and networking systems, making possible new

applications and services in vehicular systems. Wireless networking and communication between

vehicles and infrastructure have specific characteristics from other conventional wireless networking

systems and applications (rapidly changing topology, specific road direction of vehicle movements, etc.).

These led to specific constraints and optimizations techniques; for example, power efficiency is not as

important for vehicle communications as it is for traditional ad hoc networking. Additionally, vehicle

applications demand strict communications performance requirements that are not present in

conventional wireless networks. Services can range from time-critical safety services, traffic

management, to infotainment and local advertising services. They introduce critical and subliminal

information. Subliminally delivered information, unobtrusive techniques for driver’s state detection, and

mitigation or regulation interfaces enlarge the spectrum of challenges in vehicular systems.

We take here the opportunity to warmly thank all the members of the VEHICULAR 2026 technical

program committee, as well as all the reviewers. The creation of such a high-quality conference program

would not have been possible without their involvement. We also kindly thank all the authors who

dedicated much of their time and effort to contribute to VEHICULAR 2026. We truly believe that, thanks

to all these efforts, the final conference program consisted of top-quality contributions. We also thank

the members of the VEHICULAR 2026 organizing committee for their help in handling the logistics of this

event.

We hope that VEHICULAR 2026 was a successful international forum for the exchange of ideas and

results between academia and industry for the promotion of progress in the field of vehicular systems,

technologies, and applications.
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Abstract— Vehicle-to-Vehicle (V2V) communication has long 

been recognized as a key player in cooperative safety, 

extending a vehicle’s hazard awareness beyond the limits of 

local sensors. However, most prior studies address only one 

aspect of this challenge, either optimizing communication 

performance (latency, reliability, congestion) or training 

decision-making agents. This paper presents RoadSense, an 

integrated V2V hazard detection and response system designed 

to improve driving safety by extending awareness beyond local 

sensors using a mesh communication network and an AI-based 

agent. The AI agent is trained with reinforcement learning on 

a hybrid dataset of real V2V logs and domain-randomized 

simulations to predict and respond to potential forward 

collisions by issuing graded braking warnings. 

Keywords - Vehicle-to-Vehicle (V2V) Communication; 

Cooperative Collision Avoidance; Multi-agent reinforcement 

learning (MARL); Hazard Detection; Multi-Hop Mesh Network. 

I.  INTRODUCTION 

Traffic congestion ahead of a vehicle can develop 
suddenly, leading to rapid deceleration or abrupt stops. 
Chain-reaction collisions frequently occur when a leading 
vehicle brakes unexpectedly, and following drivers have 
insufficient time or context to respond. While the first 
trailing car may detect and react, those farther behind often 
respond too late, typically only after the vehicle immediately 
ahead slows or collides. 

A driver’s or local controller’s perception is inherently 
limited to what lies within direct view. This limitation 
worsens in adverse conditions, such as fog, rain, curves, or 
visual obstructions from trucks or buildings. Modern sensors, 
cameras, radar, ultrasonic units, and Light Detection & 
Ranging (LiDAR) extend local awareness but remain bound 
by physical range and line-of-sight constraints. 
Consequently, hazards hidden by terrain, traffic, or weather 
can remain undetected [1]. 

Vehicle-to-Vehicle (V2V) communication offers a 
complementary means of overcoming these limitations. By 
sharing safety-critical motion and hazard data among 
vehicles, V2V systems extend situational awareness beyond 
visual perception. Early hazard notifications increase 
available reaction time for both drivers and automated 
controllers, thereby reducing collision risk. 

As shown in Figure 1, the control loop is extended by 
integrating information from an ad hoc vehicle-based mesh 

network. This addition transforms the process from reactive 
to predictive, enabling the ego-car to anticipate conditions 
beyond the range of its local sensors. 

 

Figure 1. Ego-car extended driver-control loop with V2V mesh 
communication: data from preceding traffic augments local perception, 

extending the driver’s awareness. 

A. The RoadSense Project Goal 

This project proposes an integrated hardware-software 
system that extends a vehicle-based mesh network and an 
AI-driven decision agent to process real-time data from the 
host vehicle and surrounding vehicles, including those 
beyond line of sight, providing timely alerts to the driver to 
apply brakes and prevent potential forward collisions (Figure 
1). By continuously analyzing these inputs, the decision-
making process can evaluate evolving traffic conditions and 
issue real-time alerts regarding potential hazards ahead. This 
approach enhances driving safety by enabling early detection 
of potential hazards over extended distances, thereby 
allowing braking intervention before hazards become 
critical. 

The expected safety improvements are:  

• Early alerts: Vehicles share warnings about hazards 
before drivers or local sensors detect them. 

• Faster response: Extra time to react promptly lowers 
crash risk. 

• Extended visibility: Hazards can be detected beyond 
curves, trucks, hills or other obstructions. 

B. The RoadSense Research and Development Approach 

Although the RoadSense system encompasses all aspects 
of an in-vehicle hazard detection and response system, the 
project’s focus lies in four interrelated domains: 

• Dynamic V2V communication: Developing a 
flexible ad-hoc wireless mesh that connects moving 
vehicles without relying on fixed infrastructure, 
enabling continuous exchange of motion data. 

• Large-scale traffic scenario simulation: Generating 
diverse, controlled driving scenarios - both real and 

1Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-348-4
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synthetic - to train and test the decision-making 
process under variable conditions. 

• AI-driven decision-making: Employing 
Reinforcement Learning (RL) to train an AI agent 
that evaluates dynamic traffic states and issues 
predictive braking or warning signals based on 
evolving conditions. 

• Real-time integration and validation: Deploying and 
evaluating the trained system in real driving 
environments to assess its capacity for timely, 
reliable hazard detection and collision prevention. 

C. The RoadSense Contribution 

RoadSense advances the state of V2V hazard detection 
by implementing a complete closed loop, from multi-hop 
communication through learned hazard assessment to 
physics-based ego-car response, rather than stopping at 
packet-level metrics or scripted triggers. It introduces a four-
layer realism framework that combines calibrated sensor 
noise, mesh-network impairments, environmental factors, 
and ego-car dynamics. This is supported by a hybrid dataset 
that combines real V2V logs with SMARTS (Scalable Multi-
Agent Reinforcement Learning Training School for 
Autonomous Driving) based, domain-randomized 
simulations. The resulting system learns graded braking and 
warning policies using reinforcement learning and 
demonstrates low-cost deployability on a reproducible 
ESP32 (Espressif 32-bit Microcontroller) + GPS 
(Global Positioning System) + IMU (Inertial Measurement 
Unit) hardware platform, thereby linking realistic simulation 
to practical implementation. 

D. The Structure of the Article 

While RoadSense ultimately aims for a fully operational 
in-vehicle system, this paper emphasizes the development 
phase, during which the AI-based process is trained to 
recognize hazards and determine appropriate responses.  

The article is structured as follows. It begins by 
describing the motivation for V2V-based hazard detection 
and reviews prior communication-centric and decision-
centric research, establishing the gaps that RoadSense 
addresses. The system architecture is then presented, 
covering the mesh communication layer, the data-processing 
and filtering pipeline, the state-vector formulation, and the 
AI-based decision and action modules. The methodology 
section describes the development process, including the 
integration of prior knowledge from real V2V recordings, 
large-scale scenario simulation, and training of a 
reinforcement learning model, followed by a comparative 
analysis demonstrating improvements over existing 
approaches. The implementation and evaluation results are 
then presented for both simulated and real-world conditions. 
The paper concludes with a summary of contributions and 
potential future extensions. 

II. RELATED WORK AND COMPARATIVE CONTEXT 

Early research on V2V communication for driving safety 
focused primarily on demonstrating the feasibility and 

benefits of inter-vehicle data exchange for collision 
avoidance. 

Yang et al. [2] introduced one of the first congestion-
aware V2V protocols for Cooperative Collision Warning 
(CCW), demonstrating that low-latency, differentiated 
message delivery could significantly reduce reaction times 
during emergency braking. Later systems, such as 
COVCRAV [3], extended this concept to cooperative hazard 
signaling, introducing user-reported road hazards via 
interactive driver interfaces. Other simulation-based studies, 
such as Xie et al. [4], have demonstrated that V2V-
augmented braking systems can outperform radar- or 
camera-based Automatic Emergency Braking (AEB) 
systems, particularly in limited-visibility conditions. 
Similarly, Joerer et al. [5], used the Veins simulator to show 
that inter-vehicle communication substantially reduces 
intersection collisions compared to perception-based control. 

While these works established the communication 
benefits of V2V safety systems, they primarily relied on 
scripted hazard events and predefined control logic, rather 
than learning from contextual driving data. Over the past two 
decades, vehicle-safety research has advanced along two 
main directions: communication-centric and decision-
centric approaches.  

Communication-centric studies: typically based on the 
SUMO: Simulation of Urban MObility (SUMO) - Vehicles 
in Network Simulation (Veins) - Objective Modular Network 
Testbed in C++ (OMNeT++) (SUMO–Veins–OMNeT++) 
simulation stack, focus on optimizing network performance 
metrics such as Packet Reception Ratio (PRR), latency, jitter, 
channel load, and penetration rate. In these works, “hazards” 
are typically modeled as predefined events with scripted 
vehicle responses, thereby avoiding the deeper question of 
how a system should identify or evaluate hazards in context. 
Within this stack, SUMO models microscopic traffic 
mobility [6], [7]; OMNeT++ simulates the communication 
layer (using INET or Simu5G) [8]; and Veins synchronizes 
traffic and communication states [9], [10]. Together, they 
enable rigorous evaluation of V2V/V2X protocols such as 
IEEE 802.11p/ITS-G5 and C-V2X/NR-V2X under realistic 
traffic motion, leaving aside learned hazard assessment and 
vehicle-level control. 

In contrast, decision-centric studies - most commonly 
using CARLA [11], [12] or SMARTS [13], [14] - train 
Reinforcement-Learning (RL) or autonomous-driving agents 
to make braking, yielding, or lane-change decisions in 
physics-based environments. However, these frameworks 
typically assume idealized communication conditions or 
omit V2V messaging altogether, leaving the learned policies 
unexposed to realistic network effects such as delay, loss, 
duplication, or out-of-order delivery. 

More recently, co-simulation efforts have begun to 
bridge mobility dynamics and V2X networking—for 
example, MOSAIC with CARLA and SUMO with 
OMNeT++ setups [15], [16] coupled with physics engines or 
brake-control hardware. These studies achieve real-time, 
closed-loop integration in which communication signals 
influence vehicle dynamics. However, most still compromise 
along one axis: some employ learned decision-making under 

2Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-348-4
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simplified communications, while others model realistic 
V2V impairments but rely on hand-crafted hazard logic (e.g., 
rule-based triggers, Time-To-Collision (TTC) thresholds). 
Consequently, few studies train and evaluate learned hazard-
assessment policies under entirely realistic conditions that 
simultaneously incorporate calibrated sensor noise, network 
impairments, environmental effects, and physics-accurate 
ego-car dynamics. 

Despite significant progress in V2V communication 
research, most prior studies have focused either on network-
level metrics (latency, packet delivery, or congestion) or on 
scripted decision logic. Few have addressed the whole 
pipeline from communication through learned hazard 
assessment to physically accurate vehicle responses. The 
RoadSense project directly addresses this gap and 
distinguishes itself from prior research on V2V safety 
systems by integrating multiple domains of communication, 
AI decision-making, and physical realism into a unified, 
functional system within a reproducible, low-cost platform. 

RoadSense differs from prior work along the following 
issues:  

• Closed loop (comms → decision → action): 
RoadSense extends beyond packet-level metrics and 
scripted hazard triggers by learning hazard 
assessment via RL and linking it directly to a 
physics-based ego-response model.  

• Four-layer realism: Unified modeling of sensor 
noise, mesh-network impairments, environmental 
conditions, and ego dynamics, all calibrated using an 
ESP32 + GPS + IMU testbed - rarely achieved 
concurrently. 

• Hybrid data + domain randomization: Combines real 
V2V logs with SMARTS-based simulations to 
narrow the sim-to-real gap, providing a stronger 
rationale than simulation-only or proprietary crash 
corpora. 

• Learned hazard assessment: Reinforcement learning 
(Deep Q-Network (DQN) → 
Proximal Policy Optimization (PPO)) maps the ego-
car’s plus neighboring vehicle’s state vectors to 
graded braking and warning actions integrated in the 
complete closed loop - a capability usually explored 
in isolation elsewhere. 

• Graded action policy: Beyond binary alert/no-alert 
logic, the learned policy maps confidence to graded 
braking and driver visualization or actuation, 
enabling interpretable, adaptive responses. 

• Low-cost deployability: Implements a reproducible 
hardware reference design (ESP32 microcontroller, 
NEO-6M GPS, Motion Processing Unit model 
MPU-6050) demonstrating real-world feasibility 
rather than remaining a purely software-stack 
concept. 

III. SYSTEM USAGE IN THE DEPLOYMENT PHASE 

The operational flow in the final system within the car, 
once communication processes and AI-based decision-
making have been trained and deployed, is shown in  

Figure 2: 

• Mesh communications: An ad-hoc V2V network that 
provides the vehicle with data from nearby cars, 
including those beyond line of sight (e.g., hidden by 
curves, trucks, or weather).  

• Data collection and transformation: Gathers and 
merges data from surrounding vehicles with the ego-
car’s sensor data, removes duplicates and irrelevant 
information, and converts it into state vectors for an 
AI-based decision-making process.  

• Decision-making: The trained AI decision process 
analyzes both local and received data to identify 
potential hazards ahead based on extensive 
reinforcement learning on a combination of real-
world and simulated driving data.  

• Action-taking: Based on the AI’s assessment, this 
process determines the appropriate response - 
specifically, whether braking is necessary and, if so, 
the recommended braking intensity.  

• Warning: Presents timely input to the braking 
mechanism or visual or auditory cues to the driver 
via the vehicle’s dashboard interface. 
 

 
 

Figure 2. Architecture of the RoadSense real-time system: Sensor and V2V 

data are joined to support AI-based decision-making on braking 
commands. 

A. Mesh (Multi-Hop) V2V Communication Framework 

Each vehicle transmits its local sensor data to 
surrounding vehicles. To avoid communication congestion, 
as described by Xue Yang et al. [2], the transmission size 
was kept to a bare minimum, including only GPS location, 
acceleration, and identification. Nearby vehicles retransmit 
both their own data and the data they receive (and filter) to 
others in their vicinity, as shown in Figure 3. This creates an 
ad hoc, extensible mesh network in which messages are 
forwarded hop-by-hop across multiple vehicles. Such a 
multi-hop communication scheme significantly extends the 
effective range of data exchange, allowing each car to 
receive information from vehicles well beyond its direct line 
of sight and beyond the direct transmission distance. 

For example, a car 1 km ahead can send data to the ego-
car via intervening vehicles, even though it is beyond the 
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ego-car's direct range. The mesh's redundancy ensures that if 
one path fails, the message can still be delivered via 
alternative routes, improving reliability. 

B. Data Collection and Transformation Process 

Upon receiving incoming data, the system standardizes 
and validates raw inputs from surrounding vehicles, 
removing duplicate, irrelevant, and incomplete information 
to ensure high-quality data for decision-making. The data is 
then time-aligned and transformed into the ego-car frame. In 
addition, the system performs consistency checks on GPS 
coordinates, timestamps, and sensor reliability to ensure that 
only verified, accurate data are processed and used. 

Figure 3. Mesh V2V communications: Vehicles broadcast data to nearby 
cars, which rebroadcast it with their own data, forming a multi-hop mesh 

that propagates messages. 

1) Cone-based filtering 
Before entering the AI decision-making process, all 

incoming data from the mesh network undergoes filtering to 
retain only data relevant to the AI predictions. Each vehicle 
transmits its acceleration and GPS location. For hazard 
detection, only vehicles traveling ahead in the same lane and 
direction within a specified distance are considered relevant, 
thereby defining a cone-shaped region of interest extending 
forward from the ego-car, as shown in  

Figure 4. The AI component analyzes the motion vectors 
of nearby vehicles within this region to assess potential 
collision risks and congestion trends. By discarding 
irrelevant, redundant, duplicate, and distant data, the filtering 
process ensures that only contextually significant 
information is retained for trajectory analysis and decision-
making, thereby allowing each vehicle to operate efficiently 
without overloading the prediction algorithm. In addition, to 
further reduce unnecessary communication congestion, only 
messages that passed the filtering are retransmitted. 
 

Figure 4. Transmitted car data filters out irrelevant cars by focusing on a 

cone-shaped area in the direction of travel. 

2) State Vector Generation 
Input into the decision-making process is provided by a 

state vector that represents the ego-car’s state and the states 
of surrounding vehicles. The state vector includes: 

• Ego-car parameters: speed, acceleration, azimuth, 
lane index/offset, and position in the ego-centric 
frame. All calculated locally from consecutive GPS 
locations and an accelerometer sensor.  

• Traffic-context parameters (up to N neighbors): for 
each neighboring vehicle, local calculations generate 
relative distance and bearing, relative velocity and 
acceleration, with respect to the ego-car. This 
context encodes how the ego-car is positioned and 
moving relative to others; for example, whether a 
vehicle is rapidly decelerating sharply ahead, and 
how fast and how close the ego-car is to others 
ahead.  

• Auxiliary/environmental parameters (optional): 
speed limit, curvature, road friction estimate, 
weather/visibility flags, given that they are available. 

C. Decision-making Process 

This is the AI-based process resulting from extensive 
reinforcement learning on real and simulated driving data, 
which will be explained in detail in the development phase 
section. 

D. Action-taking Process 

The Action-Taking process interprets the raw output of 
the decision-making process and converts it into human-
readable or system-level commands. It does not generate its 
own predictions; instead, it maps the AI’s continuous 
confidence values into discrete, safety-oriented actions and 
alert categories. Rule-based logic derived from kinematic 
safety models governs this mapping: 

• 0.0–0.3 → No alert (safe distance maintained) 

• 0.3–0.6 → Caution alert (“Light Brake Needed”) 

• 0.6–1.0 → Emergency alert (“Immediate Brake 
Required”) 

These thresholds can be dynamically adjusted based on 
contextual factors such as road friction, speed limits, 
predicted time-to-collision, and weather (Figure 5). The 
decision logic may also select the appropriate alert modality 
(visual, audio, or haptic) and verify that braking 
recommendations remain stable across consecutive frames 
before activation, ensuring both reliability and driver trust. 

E. Warning Process 

The RoadSense project defines warnings (or alerts) as the 
core output of the system’s hazard-detection logic. Their role 
is to: 

• Warn drivers of imminent risks such as potential 
collisions, sudden braking, or unsafe speeds. 

• Provide graded or prioritized notifications, 
distinguishing critical, cautionary, and convenience-
level messages. 

• Improve reaction time by informing drivers before 
hazards are visible to sensors or the human eye. 

The alerts are intended to enhance situational awareness 
rather than replace driver control; the system serves as a 
driver-assistance layer rather than an autonomous 
intervention mechanism. 
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IV. AI TRAINING IN THE DEVELOPMENT PHASE  

The ego-car's decision-making process relies on an AI 
model trained to accurately predict brake-warning signals by 
analyzing both local sensor inputs and remote data streams 
received from upstream vehicles via a mesh network. To 
effectively train this model, a simulation environment is 
constructed to expose it to a wide range of driving scenarios, 
thereby enabling robust learning of collision-avoidance 
behaviors. 

Training involves generating data for both the ego-car 
and the surrounding vehicles, as shown in Figure 5. 
Moreover, the ego-car’s physical dynamics must be 
simulated in real time to generate data and simulate the car's 
reaction whenever the decision-making process initiates a 
braking action. 

The primary focus of the training phase is on the 
following key processes shown in Figure 5: 
 

 
Figure 5. In the RoadSense simulation framework, recorded and synthetic 

data are used to train the decision-making AI. 

• Traffic Scenarios Data Recording and 
Augmentation: Actual message communications are 
recorded in vehicles deployed with sensors and used 
to generate everyday traffic scenarios for simulation. 
Because real crash data are rare, simulated crashes 
and variations of traffic scenarios are generated to 
enrich the simulator dataset.  

• AI Agent Model Training: The real and simulated 
driving-generated data is fed into the AI model that 
is trained using reinforcement learning to detect and 
respond to hazards.  

• Ego-car Dynamics Simulation: In the simulator, a 
physical model of the ego-car and its dynamic 
properties is employed to replicate real driving 
behavior and calculate the vehicle’s physical 
response to the braking actions recommended by the 
decision-making process. 

• The simulation serves two primary purposes: 
o Physics-Based Scenario Replay: It integrates 

simulated data into the data collection 
pipeline, providing accurate representations of 
the ego-car’s physical state. This enables 
realistic progression through driving scenarios 
by combining recorded or generated data from 
surrounding vehicles with physics-based 

modeling of the ego-car’s behavior during 
critical phases, such as braking. 

o AI Model Evaluation and Training: It 
facilitates assessment of the decision-making 
process by determining whether the AI avoids 
collisions and maintains safe driving 
conditions. This feedback loop supports 
reinforcement learning, allowing the AI 
model to improve its control strategy based on 
the simulated outcomes of each decision step. 

• Driving Scenario Visualization: During 
development, a visualization module was 
implemented to display real-time vehicle positions 
and trajectories following braking or warning actions 
initiated by the decision-making system. This 
visualization enables assessment of driving 
outcomes and potential collision scenarios, 
providing valuable feedback on the system’s 
effectiveness and response accuracy. 

 
The above processes and their design are described in 

greater detail in the following sub-sections. 

A. The Simulation Environment and Data Generation 

The simulator is designed to utilize data that closely 
reflects real-world driving conditions. Vehicles equipped 
with dedicated hardware record GPS coordinates, 
accelerometer readings, and timestamps while operating on 
actual roads. These recordings capture diverse scenarios, 
including approaching intersections, navigating curves, and 
driving in low-visibility conditions. Additionally, the 
vehicles implement mesh communication protocols and log 
transmissions received from nearby cars. This collected data 
serves as the foundation for generating realistic simulation 
scenarios that include trajectories and mesh communications 
as expected in the real world. 

In addition to collecting real-world data, synthetic data is 
programmatically generated to support various testing and 
training objectives. This includes increasing traffic density 
through data replication, simulating sudden braking events 
and full-stop collisions, and introducing communication 
anomalies such as increased latency, message loss, and 
network congestion. 

The ego-car's motion is simulated using its physical 
parameters and kinematic equations to model its trajectory 
before and after any braking command issued by the 
decision-making module. Initial path and velocity vectors are 
specified as input parameters and are dynamically updated 
based on the AI-driven decision process's evolving outputs. 

Traffic scenarios are implemented in SMARTS, an open-
source simulator for multi-agent reinforcement learning [13] 
extended with our own communication and noise-modeling 
modules. Instead of relying on proprietary accident datasets, 
real-world constraints are embedded directly into the 
simulation. The scenario scripts: 

• Select a road segment (urban arterial or multi-lane 
highway) and legal-speed geometry. 

• Sample traffic density and vehicle type distribution. 
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• Initialize actors with lane, speed, headway, and 
position relative to the ego-car. 

• Trigger events (e.g., hard breaking, cut-ins, stop-
and-go waves, obscured obstacles) in randomized 
time windows. 

To promote generalization, we apply domain 
randomization within realistic bounds informed by published 
driving statistics and our hardware measurements. 
Parameters varied include vehicle speeds (±10–20%), packet 
loss (0–30%), message-delay jitter, GPS noise at the meter 
scale, and standard lane/vehicle dimensions. 

The resulting environment exposes the AI agent to 
diverse hazard scenarios, such as rapid deceleration, high-
density traffic, and occluded obstacles. It enables safe 
learning from situations that cannot be recreated in real 
vehicles. Simulated and real V2V data from our testbed are 
combined to form a comprehensive training set, thereby 
improving accuracy and robustness prior to deployment. 

B. Deep Q-Learning and PPO-Based Adaptive Decision-

Making 

We implemented a Reinforcement Learning (RL) model 
in RoadSense to issue timely braking recommendations to 
avoid collisions.  

The RL objective rewards correct hazard responses 
(timely slow/stop to avoid collisions) and penalizes failures 
(late response, collisions, unnecessary harsh braking).  

Two reinforcement learning algorithms were employed: 
1) Deep Q-Learning (DQN): used during early 

development to train the agent on discrete binary actions 
(e.g., brake / no brake). 

2) Proximal Policy Optimization (PPO): adopted for 
the final system due to its superior performance in 
continuous control domains and its robustness against 
unstable policy updates, Schulman [17], Minih [15]. PPO 
constrains policy updates within a trust region, ensuring 
stability and preventing overfitting to transient simulation 
states. Simulation runs performing RL training for 
interactions between 3 cars: an ego-car and two cars in front, 
have been shown to successfully converge after several 
hundred-thousand Epochs, as shown in Figure 6.  

 
Figure 6. Example of a Reinforcement-Learning session that converged 

after 650K Epochs. 

C. Driving Scenario Visualization and Warning 

For visualization, a Unity-based environment is used to 
display vehicle positions and trajectories before and after 

braking actions, illustrating the vehicle’s dynamic response 
to the decision-making system’s braking or warning 
commands, as shown in  

Figure 7. This enables the assessment of driving 
outcomes and potential collision scenarios, providing 
valuable feedback on the effectiveness and timing of the 
decision-making process. 

V. ROADSENSE DEVELOPMENT, INSTALLATION AND 

TESTING 

The initial phase involved assembling and validating 
multiple hardware boards, which were subsequently installed 
in vehicles and powered via the onboard USB interface. As 
part of the Mesh communications system, custom firmware 
was developed for the microcontroller to perform sensor 
monitoring, transmit telemetry data at 1 Hz, and operate as a 
node in an ad hoc mesh network. To reduce communication 
overhead, filtering mechanisms were implemented to 
selectively retransmit only data relevant to trailing vehicles, 
specifically, information originating from cars within the 
forward extended cone, as described earlier. Additionally, for 
development and debugging, the firmware was enhanced to 
monitor and log sensor readings and network 
communications. 

The second phase involved capturing and recording real-
world vehicular telemetry data across various driving 
scenarios, including deceleration before intersections and 
sharp turns. These raw recordings were subsequently 
processed and programmatically augmented to synthetically 
expand the dataset. This augmentation introduced variability 
and increased the diversity of traffic scenarios, resulting in a 
comprehensive database encompassing both typical driving 
patterns and artificially generated incident conditions. 

In the third phase, the SMARTS simulation framework 
[13] was employed to emulate traffic conditions and mesh 
communications using the previously recorded dataset. 
Within the simulator, an ego-car was dynamically controlled 
using physical parameters to emulate realistic physical 
driving behavior. An integrated AI module was tasked with 
issuing predictive braking alerts, enabling the ego-car to 
decelerate smoothly and avoid collisions with vehicles ahead 
under varying traffic conditions. The simulator iteratively 
executed each traffic scenario over a substantial number of 
epochs, during which the AI module was trained using 
reinforcement learning techniques to optimize its decision-
making policy. 

 

 
 

Figure 7. Visualization of the response of the ego-car to the warnings 

issued by the decision-making processes. 
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Initial validation of the trained model was conducted 

using an external visualization process built on the Unity 
engine. After the learning algorithm converged, this 
component was used to render graphical representations of 
each scenario’s outcome, enabling qualitative assessment of 
the AI module’s performance.  

The final phase involved deploying the trained AI agent 
onto the ego-car’s onboard hardware platform and 
conducting field tests under real-world driving conditions. 
Validation procedures focused on verifying the timing and 
accuracy of the brake alert relative to the human driver’s 
decisions. The results demonstrated that, even when the 
driver’s visibility of preceding vehicles was obstructed, the 
AI agent reliably initiated braking promptly, effectively 
mitigating collision risk. 

VI. RESULTS AND DISCUSSION 

The RoadSense system was implemented and validated 
through a staged process combining simulation and road 
testing. During the simulation phase, the Reinforcement-
Learning (RL) agent was trained using a hybrid dataset 
comprising both real V2V mesh recordings and SMARTS-
generated traffic scenarios. Domain randomization was 
applied to communication latency, packet loss, GPS jitter, 
and environmental factors. The model successfully 
converged within approximately 650,000 training rounds, 
yielding stable hazard detection and braking policies. 

During controlled simulations, the trained AI consistently 
generated timely, graded alerts across diverse driving 
contexts—including sudden braking, stop-and-go waves, and 
reduced-visibility conditions, demonstrating accurate state-
vector interpretation and effective mapping of policy 
confidence to braking intensity. 

Field deployment using a low-cost ESP32 paired with 
GPS and IMU sensors confirmed that the end-to-end mesh–
decision–action loop functioned in real time, achieving end-
to-end latency below 2 seconds. Tests under partial occlusion 
(e.g., blocked line of sight by larger vehicles) showed that 
the AI module could initiate braking before the driver’s 
visual recognition of hazards, confirming predictive behavior 
consistent with simulation results. The graded alert 
mechanism improved driver reaction timing and system 
interpretability without false or unnecessary interventions. 

VII. SUMMARY, CONCLUSIONS AND FUTURE WORK 

In summary, existing research either optimizes the 
communication layer in isolation or develops decision-
making agents under idealized conditions, rarely integrating 
both within a realistic, sensor-calibrated, physics-accurate 
framework. RoadSense presents a comprehensive, closed-
loop V2V hazard detection system that integrates realistic 
communication models, physics-driven vehicle dynamics, 
and reinforcement-learning-based decision-making 
algorithms within an accessible, cost-effective platform. 

Unlike previous studies that focus on either network 
metrics or scripted control logic, RoadSense merges four 
calibrated realism layers—sensor noise, mesh-network 
impairments, environmental variation, and vehicle dynamics 

into a single end-to-end architecture that learns hazard 
semantics rather than applying fixed thresholds. 

The hybrid training methodology, which combines real-
world mesh-network data with domain-randomized 
SMARTS simulations, enabled the RL agent to adapt to 
noisy communications and unpredictable driving conditions. 
Results confirm that learned policies can operate effectively 
on embedded hardware, providing graded alerts that enhance 
situational awareness and reduce driver reaction times even 
beyond line of sight. 

Subsequent development will expand RoadSense to 
encompass additional sensors, more sophisticated mesh 
communication protocols, multi-vehicle coordination, and 
traffic scenarios that extend to additional hazardous 
conditions. 
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Abstract—The widespread adoption of electric vehicles is
necessary for the United Kingdom to achieve its net zero target by
2050, but barriers exist if the electric vehicle charging infrastruc-
ture is not well-established. This study aimed to characterise the
distribution of public electric vehicle charging points as compared
to the distribution of electric vehicles in areas across the Scottish
region of the United Kingdom served by 2 energy networks, and
investigate any evidence of unmet demand for public charging
points. Publicly available data on charging points (n = 2,810) and
charging sessions (n = 579,294) were obtained and analysed. The
region studied contained so-called blackspot areas where 100 or
more electric vehicles were owned, but there were less than 10
public charging points available (termed “high demand” areas).
Charging sessions in these areas, when compared to sessions
lasting less than 30 minutes, had over twice the odds of lasting 30
minutes to 1 hour, almost 3 times the odds of lasting between 1
and 2 hours, and over 5 times the odds of lasting 2 or more hours
compared to charging sessions outside high demand areas. Also,
compared to work day times, in high demand areas, charging
sessions had over 3 times the odds of starting in evening hours,
almost 3 times the odds of starting during sleep times, and about 2
and a half times the odds of starting in early morning, compared
to other areas. In conclusion, the findings suggest that the number
of public charging points available to serve electric vehicle owners
in this area appears to be inadequate.

Keywords—Electric vehicles; United Kingdom; charging point
infrastructure; net zero; charging sessions; charging point demand;
smart charging.

I. INTRODUCTION

As of 2021, the United Kingdom (UK) government set a
target to reduce carbon dioxide emissions by 68% from 1990
levels by 2030, and to achieve net zero emissions by 2050
[1–3]. Consequently, the UK Climate Change Committee
(CCC) established strategies to promote improved sustainable
energy use to meet net zero targets, with a specific focus on
promoting the adoption of Electric Vehicles (EVs) [1–4]. The
widespread adoption of EVs is seen as a necessary condition to
enable the UK to achieve net zero, as passenger cars have been
documented as the largest source of road transport emissions
[2][5]. To that end, in 2022, 17% of the new cars purchased
in the UK were EVs, and one million EVs were registered in
the UK in 2021, exceeding expectations [6][7].

However, the absence of a coordinated rollout of an EV
public charging infrastructure that complements the enthu-
siastic uptake of EVs in the UK has been identified as a
significant barrier to overall EV adoption in the UK [6–8].
Currently, charging facilities are not evenly spread across the

UK, leaving areas with a low prevalence of public Charging
Points (CPs) [7][9]. Although it is known that some regions
in the UK lack public CP access, research into how well the
public EV charging infrastructure is meeting the demand of
EV users in the UK is lacking. Research addressing this point
is necessary to inform UK leaders as to whether EV adoption
is outpacing the development of the public EV charging
infrastructure.

In October 2022, the UK had nearly 35,000 CPs, and over
the first nine months of that year, more than 1,200 new public
rapid chargers and over 5,000 new public standard chargers
were installed [7]. Over the same period, there were 250,000
new EV registrations in the UK, which means there was
on average 1 new public standard charger for every 50 new
vehicles [7]. The UK government has termed some regions
“blackspots” due to the lack of public CPs, forcing EV owners
to drive long distances to charge their vehicles, which is
inconvenient and offsets the savings anticipated from owning
an EV compared to a car that uses fossil fuels [7][9]. As
an example, 31% of the UK’s public CPs are in London,
compared to only 3% being in the North East region [7].
This analysis helps bring insight into whether the public CP
infrastructure in a region of the UK is able to meet the demand
of EVs users in that region. The results can provide guidance
on how to further develop the public CP infrastructure.

Energy networks in the UK are organised into regional
collections of primary energy stations and substations. The
two networks that serve Scotland are Scottish Power Energy
Networks (abbreviated SP Energy) and Scottish and Southern
Energy Networks (abbreviated SSEN) [10][11]. In networks
in the UK such as SP Energy and SSEN, Primary Substations
(PSs) directly feed from high voltage networks, and serve
to step down energy transmitted through these high voltage
networks from 33 to 11 kilovolts (kV) in order to enable
energy to be distributed to homes and businesses [12]. SP
Energy serves the areas of central and southern Scotland,
North Wales, Merseyside, Cheshire and North Shropshire [11].
SSEN serves the north of Scotland and central southern
England, and claims 3.9 million homes and businesses as
customers [10]. Our analysis focuses on PS service areas in
Scotland served by SP Energy and SSEN, and the prevalence
of both EVs and public CPs in those service areas.

The aim of this research was to 1) characterise the distri-
bution of public CPs and EVs in PS service areas across the
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regions served by SP Energy and SSEN, and 2) investigate
if there is evidence of unmet demand for public CPs in PS
service areas in these networks with a high prevalence of EVs
coupled with a low density of public CPs. The structure of this
paper proceeds with Section II, which describes our materials
and methods, including the sources of the data we used and
our analytic approach. In Section III, the results are presented,
including a comparison of EV ownership and public CPs in PS
service areas, an examination of densities of public CPs and
EV ownership, and an analysis of charging session patterns
in high demand PS service areas. This is followed by Section
IV, where we discuss our findings and their implications, and
Section V, which presents a conclusion and recommended
future research.

II. METHODOLOGY

A. Data Sources

The data used for this analysis came from public reposito-
ries. The data about public CPs and charging sessions for both
SP Energy and SSEN came from the ChargePlace Scotland’s
online data repository [13]. Data about number of EVs in
PS service areas for SP Energy came from the SP Energy
Distribution Future Energy Scenario (DFES) forecasts posted
online [14], and for SSEN, they came from data used for
the DFES forecasts available on the SSEN Distribution Data
Portal [15].

Data about PS service areas for SP Energy for 2023 were
obtained from SP Energy Networks, and for PS service areas
for SSEN, 2023 data were obtained from the SSEN data
portal [14][15]. Each dataset included number of EVs in each
PS service area, and we connected these data to the CP data to
determine the number of public CPs in each PS service area.

B. Analytic Approach

First, public CP data from December 2024 for both SP
Energy and SSEN were obtained from ChargePlace Scotland,
which included 2,848 CPs in total [13]. CP monthly variables
that were analysed included number of charging sessions,
power drawn (kWh), number of faults (outages), and percent-
age of uptime (see Table 1 for categories). A bivariate analysis
was conducted on public CP usage for both SP Energy and
SSEN in December 2024 on the basis of these variables. Based
on available data, we established 5 EVs per public CP in each
PS service area as an acceptable public CP density.

To identify areas of potentially high demand for public CPs,
we compared maps of both SP Energy and SSEN PS service
areas in terms of EV prevalence and CP density. An interactive
geospatial map was developed to visualise the distribution
of EV counts and associated public CPs across PS service
areas. This analysis used Python to integrate postcode-level
geolocation data to enable aggregation and enumeration of CP
density and EV prevalence by PS service areas. CP locations
were spatially joined with PS polygons using a Geographic
Information System (GIS) method to determine PS service
area inclusion. Distinct colour schemes were applied to PS
service areas based on thresholds for both CP density and

TABLE I
CATEGORIES.

Category Level
0 to 5

Number of Sessions 6 to 19
20 to 49

50 or more
0 to < 75

Power Drawn 75 to <400
(kilowatt hours) 400 to <1,000

1,000 or more
0

Number of Faults 1
2 or more

Uptime 100%
<100%

1
Number of Connectors 2

3 or more
Unknown

Work Day (8:00 to 18:00)
Session Start Time of Evening (18:00 to 22:00)

Day Sleep Time (22:00 to
6:00)

Early AM (6:00 to 8:00)
<30 minutes

Duration of Session 30 minutes up to 1 hour
1 hour up to 2 hours

2 or more hours

EV prevalence. The final map was rendered using the Folium
Python library, which allows an intuitive, zoomable web-based
exploration [16].

It was determined that PS service areas in the SP Energy
network likely suffered from high demand, as many PS service
areas contained 100 or more EVs, but less than 10 public
CPs. As described in Global EV Outlook 2024, a ratio of
100:1 to 10:1 with respect to EVs in a region to public CPs
in the region would indicate very low access to public CPs,
as this entire ratio range is much higher than most country
averages [17]. We classified these areas as “high demand” PS
service areas. We also used session data to characterise public
CPs as having 1, 2, or 3 or more connectors. We classified
public CPs as to whether or not they fell in high demand PS
service areas, and conducted a bivariate analysis. To explore
this potential for unmet demand for public CPs, we analysed
sessions from public CPs in SP Energy PS service areas from
July 2024 through December 2024, using session data from
ChargePlace Scotland [13] (see Table 1 for categories).

We hypothesised that sessions from public CPs in high
demand PS service areas served by SP Energy would be more
likely to start outside of work day times. We also hypothesized
that sessions from public CPs in high demand PS service areas
would show a different duration pattern than those from public
CPs in other PS service areas. After conducting a bivariate
analysis, to derive a profile including month of session, time
of day of session start, and duration of session, for sessions
occurring at public CPs in high demand PS service areas, we
developed a logistic regression model, including these factors
as independent variables predicting whether or not the session
occurred at a public CP in a high demand PS service area.
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TABLE II
BIVARIATE ANALYSIS OF PUBLIC ELECTRIC VEHICLE CHARGING POINTS

IN SCOTTISH POWER ENERGY, HIGH DEMAND VS. OTHER PRIMARY
SUBSTATION SERVICE AREAS, DECEMBER 2024.

Category Level All High
De-

mand*

All
Others

n, % n, % n, %
All All 1,877,

100%
528,
28%

1,349,
72%

Number
of

0 to 5 469,
25%

106,
20%

363,
27%

Sessions 6 to 19 410,
22%

107,
20%

303,
22%

20 to 49 521,
28%

151,
29%

370,
27%

50 or
more

477,
25%

164,
31%

313,
23%

0 to
< 75

435,
23%

102,
19%

333,
25%

Power
Drawn

75 to
<400

440,
23%

96, 18% 344,
26%

(kilowatt
hours)

400 to
<1,000

476,
25%

148,
28%

328,
24%

1,000 or
more

526,
28%

182,
34%

344,
26%

0 1,317,
70%

354,
67%

963,
71%

Number
of

1 318,
17%

103,
20%

215,
16%

Faults 2 or
more

242,
13%

71, 13% 171,
13%

Uptime 100% 1,407,
75%

393,
74%

1014,
75%

<100% 470,
25%

135,
26%

335,
25%

1 65, 3% 11, 2% 54, 4%
Number

of
2 1,377,

73%
395,
75%

982,
73%

Connectors 3 or
more

284,
15%

77, 15% 207,
15%

Unknown 151, 8% 45, 9% 106, 8%
Note: First row has row percentages, and the rest are
column percentages. *High demand refers to charging
points in primary substation service areas where there are
100 or more electric vehicles but < 10 charging points.

Independent variables were coded as indicator variables, and
entered into one model. All statistical analysis was done in R
GUI [18] using packages broom [19], dplyr [20], ggplot2 [21],
lubridate [22], readr [23], and scales [24].

III. RESULTS

Data were available from 2,848 public CPs in SP Energy
and SSEN PS service areas. The data that were complete and
usable represented 2,810 public CPs which were included in
the dataset. Data on 820 PS service areas from both networks
were also included in the analysis. For monthly sessions from
SP Energy, data from 833,691 sessions available for analysis.
From these, 323 were removed due to missing or nonsensical
duration values, and 254,074 were removed because they could
not be matched to a public CP in a known PS service area,
leaving 579,294 sessions that were included in the analysis.

Figure 1. Scottish Power Energy Public Charging Points and Electric Vehicles
per Primary Substation Service Areas. Figure 1A indicates public charging
point (CP) density, and Figure 1B indicates electric vehicle (EV) density.
Major cities are indicated on Figure 1B.

A. Primary Substation Service Areas: EV Ownership and
Public CPs

Descriptive statistics were developed with respect to the
820 PS service areas included in the SP Energy and SSEN
networks (data not shown). Of the 820 PS service areas
analysed, almost half (48%, n = 393) were in the SP Energy
network, and the other half (52%, n = 427) were in SSEN.
Approximately one third of these PS service areas (34%, n
= 279) included 0 public CPs. With respect to number of
EVs owned in each PS service area, approximately one fourth
(24%, n = 196) contained 0 to 9 EVs, while 27% (n = 223)
contained 100 or more EVs. With respect to network, high EV
ownership per PS service area was more prevalent in the SP
Energy network, compared to SSEN, where 41% (n = 162)
of SP Energy PS service areas contained 100 or more EVs,
with only 14% (n = 61) of SSEN PS service areas including
100 or more EVs. The distribution of EVs per PS service area
was also highly left skewed (median = 36 EVs per PS service
area). However, of the 12 PS service areas with 20 or more
public CPs, most (n = 10) were in the SP Energy network,
with only 2 in the SSEN network.

Approximately two thirds of the 2,810 public CPs analysed
in each network fell in the SP Energy network (67%, n =
1,877), with the remainder in SSEN (33%, n = 933). The
distribution of number of monthly sessions per public CP was
left skewed (median = 21 sessions), but distributions were
similar across both networks. A similar distribution pattern
was seen in terms of power drawn from public CPs in across
networks (median = 484.81 kWh). Overall, most public CPs
(70%, n = 1,958) had 0 faults (outages) and maintained 100%
uptime (73%, n = 2,045), with a similar distribution for both
networks analysed.

B. Comparison of Densities of Public CPs and EV Ownership

Figure 1 shows a comparison of public CP density with
EV ownership patterns in SP Energy, and Figure 2 shows the
same comparison for SSEN. As depicted in Figure 1, most
PS service areas within the SP Energy network contained 100
or more EVs, yet most PS service areas included less than
10 public CPs, implying that there is much higher demand
for public CPs than available. In Figure 2, a high prevalence

11Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-348-4

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

VEHICULAR 2026 : The Fifteenth International Conference on Advances in Vehicular Systems, Technologies and Applications

                            21 / 43



Figure 2. Scottish and Southern Energy Network Public Charging Points and
Electric Vehicles per Primary Substation Service Areas. Figure 2A indicates
public charging point (CP) density, and Figure 2B indicates electric vehicle
(EV) density. Major cities are indicated on Figure 2B.

of EVs in SSEN PS service areas is only evident around
the eastern coastal areas, which contain large cities. However,
public CP density is not high in these areas, which also may
lead to unmet public CP demand. Further, throughout the
SSEN network, there were many PS service areas that contain
a low prevalence of EVs but 0 public CPs, forcing EV owners
to travel to another PS service area to take advantage of public
charging services. This implies that while the density of public
CPs may be adequate to serve PS service areas in much of
the SSEN network, there is also a high probability of unmet
demand for public CPs throughout the rest of the network.

C. Charging Session Patterns in High Demand Primary Sub-
station Service Areas

Table 2 presents a bivariate analysis of public CPs in the
SP Energy network categorised by those occurring in high
demand PS service areas compared to all others. As shown in
Table 2, in December 2024, public CPs in high demand PS
service areas were more likely to have 50 more sessions than
those in other PS service areas (31%, n = 164, compared to
23%, n = 313), with a similar pattern seen in amount of power
drawn (1,000 kWh or more, 34%, n = 182 vs. 26%, n = 344).
On the other hand, distribution of number of faults, uptime,
and number of connectors was similar between high demand
PS service areas compared to other service areas.

Figure 3 shows the distribution of all 579,294 charging
sessions at public CPs in the SP Energy network over the
period of July through December, 2024 by time of day the
session started. As displayed in Figure 3, charging sessions
were most likely to start during the work day (8:00 to 18:00),
reaching peak frequency near 800 sessions, while dropping
off during evening hours (18:00 to 22:00) to a frequency of
less than 250 sessions. Frequencies of charging session start
time were lowest during sleep time (22:00 to 6:00), at times
approaching a frequency of 0 charging sessions. During early
morning times (6:00 to 8:00), frequencies of charging sessions
rose from less than 250 at the beginning of the interval to over
500 at the end of the interval.

Table 3 presents a bivariate analysis of these charging
sessions classified by those that took place in high demand
PS service areas compared to all others. As shown in Table 3,

Figure 3. Time Series Plot of Start Time of Day for Sessions from Scottish
and Southern Energy Network Public Charging Points, July through December
2024

while most of the sessions (81%, n = 469,681) took place at
public CPs outside of high demand PS service areas, monthly
distribution of sessions was similar, with the greatest share
taking place in August (21%, n = 120,805) compared to
the other months analysed. However, a greater percentage
of sessions started in evening hours at public CPs in high
demand PS service areas compared to others (18%, n = 20,064
compared to 16%, n = 73,339), with a lower percentage
starting during the work day (71%, n = 77,975 vs. 74%, n =
347,567). Also, while 37% (n = 40,986) of sessions at public
CPs in high demand PS service areas had a duration of 2 or
more hours, only 25% (n = 119,533) at public CPs in other
PS service areas were 2 or more hours.

Next, a multivariate logistic regression analysis was con-
ducted to develop of a profile of factors associated with
sessions taking place at public CPs in the SP Energy network
located in high demand PS service areas compared to other
PS service areas. The resulting equation was the following:

log

(
p(HD)

1− p(HD)

)
= 0.19110 + 0.839930MIN-1HR

+ 1.06751-2HRS + 1.65982+HRS + 1.1667EVE

+ 1.0893SLEEP + 0.9262EARLYAM + 1.0235AUG

+ 1.0712SEP + 1.1040OCT + 1.0512NOV

+ 1.0532DEC

(1)

where p(HD) is the probability of the session taking place
at a public CP falling in a high demand PS service area
(compared to other PS service areas). As indicator variables
were used, each level entered into the model had a reference
level (<30 minutes for duration, work day for time of day
of session start, and July for month of session). In terms of
the equation, compared to charging sessions with a duration
of less than 30 minutes, sessions had over twice the odds of
lasting 30 minutes to 1 hour, almost 3 times the odds of lasting
between 1 and 2 hours, and over 5 times the odds of lasting 2
or more hours if they took place at public CPs in high demand
PS service areas compared to all other PS service areas. Also,
compared to work day times, charging sessions had over 3
times the odds of starting in evening hours, almost 3 times
the odds of starting during sleep times, and about 2 and a half
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TABLE III
BIVARIATE ANALYSIS OF CHARGING SESSIONS AT PUBLIC ELECTRIC

VEHICLE CHARGING POINTS IN SCOTTISH POWER ENERGY, HIGH
DEMAND VS. OTHER PRIMARY SUBSTATION SERVICE AREAS, JULY

THROUGH DECEMBER 2024.

Category Level All High
De-

mand*

All
Others

n, % n, % n, %
All All

Sessions
579,294,

100%
109,613,

19%
469,681,

81%
July 82,359,

14%
14,930,

14%
67,429,

14%
Month

of
August 120,805,

21%
22,519,

21%
98,286,

21%
Session
in 2024

September 108,818,
19%

21,146,
19%

87,672,
19%

October 87,530,
15%

16,647,
15%

70,883,
15%

November 91,095,
16%

17,407,
16%

73,688,
16%

December 88,687,
15%

16,964,
15%

71,723,
15%

Work
Day

425,542,
73%

77,975,
71%

347,567,
74%

Session
Start

Evening 93,403,
16%

20,064,
18%

73,339,
16%

Time of
Day**

Sleep
Time

27,599,
5%

5,642,
5%

21,957,
5%

Early
AM

32,750,
6%

5,932,
5%

26,818,
6%

<30
minutes

170,164,
29%

29,183,
27%

140,981,
30%

Duration
of

Session

30
minutes
up to 1

hour

157,674,
27%

23,141,
21%

134,533,
29%

1 hour
up to 2
hours

90,937,
16%

16,303,
15%

74,634,
16%

2 or
more
hours

160,519,
28%

40,986,
37%

119,533,
25%

Note: First row has row percentages, and the rest are
column percentages. *High demand refers to charging
points in primary substation service areas where there are
100 or more electric vehicles but < 10 charging points.
**See Table 1 for exact times.

times the odds of starting in early morning, if they took place
at public CPs in high demand PS service areas compared to
all other PS service areas. Finally, compared to July, charging
sessions from each of the other months analysed had around 3
times the odds of taking place at a public CP in a high demand
PS service area compared to all other PS service areas.

IV. DISCUSSION

The findings from the current EV analysis suggest that for
the regions served by SP Energy and SSEN, EV uptake has
been high, indicating significant progress toward net zero [2].
However, the number of public CPs available to serve EV
owners appears to be inadequate, especially in PS service
areas served by the SP Energy network. Among the charging
sessions taking place in PS service areas in SP Energy, those
in areas designated as high demand showed evidence of unmet
demand for public CP charging services. Sessions were more

likely to start at less convenient times (evening hours, sleep
time, and early morning, compared to the work day), and
were much more likely to be of extremely long duration (2
or more hours). This was likely because EV owners were
competing for use of the few public CPs available in the area,
and therefore, were more willing to charge their vehicle at
inconvenient times, and were more likely to have their EV
stay connected to the charger for a long enough duration to
fully charge their vehicle.

This lack of public CPs in the regions served by SP Energy
greatly limits the utility of EVs for long trips, and greatly
increases range anxiety [9][25–27]. This situation can defeat
the purpose of promoting the uptake of EVs, because it can
cause EV owners to feel as if they need access to a “back-up”
fossil fuel vehicle [25][26]. Expanding the selection of en-
route public CPs is a key step in improving charging efficiency
for EV owners, and is necessary to alleviate both grid and
traffic congestion [28]. A robust strategy for determining the
optimal placement and capacity of public CPs is possible to
develop through integrating location modelling, with demand
forecasting and market penetration analysis [29][30].

The main strength of this analysis is that it uses real-world
data to assess the potential for unmet demand for public CPs
served by 2 energy networks that contain rural areas thought
to be underserved. However, there are also many limitations.
Much data had to be removed from the analysis because of
missing or nonsensical values, and many assumptions had to
be applied to facilitate interpretation.

V. CONCLUSION AND FUTURE WORK

Our research aimed to characterise the distribution of public
CPs and EVs in Scotland in the regions served by SP Energy
and SSEN, and estimate whether there was unmet demand
for public CPs in certain PS service areas. We compared the
level of EV ownership with the density of public CPs, and
characterised high demand PS service areas as having a high
level of EV ownership coupled with a low density of public
CPs. We found that the regions served by SP Energy and
SSEN had several blackspots which were more prevalent in
the SP Energy network, with evidence of unmet demand for
access to the public EV charging infrastructure. Sessions in
high demand areas were more likely to start at inconvenient
times and last a longer duration. Policymakers should focus
on ensuring CPs in areas with a high density of EVs have
good coverage, and offer more and faster charging connectors.
While this analysis has strengths, the results apply specifically
to the region analysed. Additionally, the analysis was limited
to the use of the variables in public data available, where
reliable information about the efficiency of connectors was
not available.

In terms of future research, a helpful step for the UK
to take to address these blackspots would be to conduct
an updated survey of EV owners to better understand their
need for public CPs, and set an optimal target for public
CP density. These efforts could involve input from Charging
Point Network Operators (CPNOs) and Distribution Network
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Operators (DNOs), with results reported by PS service areas.
Through this collaboration, informed goals could be set for
optimal public CP density for each PS service area. In this way,
working with existing CPNOs and DNOs, the UK government
could ensure that increasing EV ownership across the various
energy networks continues to be supported, and effectively
facilitate further progression toward their stated net zero goals.
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Abstract—Connected vehicles offer opportunities to optimize
fleet operations by leveraging data from their on-board sensors.
Off-board cloud architectures play a key role in enhancing fleet-
wide health monitoring and operational efficiency. Federated An-
alytics (FA) empowers connected vehicles to enable decentralized
data analysis by improving privacy, decreasing cloud data trans-
mission, and supporting real-time decision-making. This paper
contributes a practically deployable federated analytics-assisted
edge–cloud architecture for connected truck health monitoring,
where high-rate telemetry is processed locally on an NVIDIA
Jetson Orin and only compact event summaries are transmitted
to the cloud for fleet-level reasoning. We further introduce
a cloud-side Temporal-Spatial Aggregation (TSA) mechanism
that computes near real-time anomaly hotspots using 15-minute
sliding windows over geo-fenced zones, enabling explainable
time- and location-correlated insights. Finally, we demonstrate
feasibility with real truck data and provide an End-to-End (E2E)
latency and Uplink (UL) data volume reduction against a raw
data transfer baseline.
Keywords— Federated Analytics; Edge Computing; Connected
Trucks; Temporal–Spatial Aggregation; Fleet Health Monitoring.

I. Introduction

Connected vehicles offer opportunities to enhance safety and
performance using data-driven insights from on-board sensors
for fleet management. Complex data and heavy transmission
demands can overwhelm centralized systems, leading to high
latency, network congestion, and costly cloud storage. 5G Au-
tomotive Association (5GAA) defines for remote vehicle health
monitoring, a latency of less than 30 seconds [1] is acceptable,
allowing periodic updates without compromising safety. On the
other hand, 5GAA [2] specifies a latency of 100 milliseconds
to support data sharing use cases of dynamic objects. To
address these latency requirements, technologies, such as FA
and Multi-Access Edge Computing (MEC) are provisioned
to be integrated into Vehicle-to-Network-to-Vehicle (V2N2V)
schemes [3]. V2N2V systems enable seamless communication
between vehicles and the cloud, supporting real-time decision-
making [4]. V2N2V use cases aim to support cooperative
collision avoidance and driving, together with fleet management
use cases, requiring low latency and high reliability [5]. Unlike
Federated Learning (FL), which primarily exchanges model
updates to collaboratively train a global model, FA focuses on
decentralized data analysis where raw data remains on the vehi-
cles and only compact analytical outputs (events/aggregates) are
shared. FA addresses latency, scalability, and privacy challenges
in connected vehicle systems by combining localized edge

computing with cloud-based aggregated data analysis [6]. Edge
computing enables real-time event detection whereas reducing
cloud dependency, latency, and resource usage.

In the literature, significant advancements have been proposed
to improve the reliability, latency, and efficiency of connected
vehicle systems through V2N2V communications [5], federated
analytics [6]–[8], and edge computing [9], [10]. In [5], an analyt-
ical model incorporating numerology, scheduling, and Hybrid
Automatic Repeat Request (HARQ) evaluates 5G New Radio
(NR) V2N2V configurations to meet the 6 ms UL+Downlink
(DL) radio-latency budget derived from the 3rd Generation
Partnership Project (3GPP) 10 ms E2E target for High Level of
Automation (HLoA) cooperative lane change. The decentralized
federated analytics framework in [6] converges with fewer
communication rounds and reduces communication cost by up
to 89% in a simulated Vehicular Ad Hoc Network (VANET)
with Vehicle-to-Vehicle (V2V) neighbor broadcast. Similarly,
[7] introduces a federated anomaly detection approach that
filters malicious updates without centralized data, achieving up
to 6.9× higher accuracy under strong attacks and offering formal
robustness guarantees. In [8], a privacy-preserving framework
enables vehicles to transmit locally processed analytics insights,
such as object detection results to nearby MEC/Road Side Unit
(RSU)s. These edge nodes aggregate the data and broadcast
updated High Definition (HD) map tiles. A two-tier 5G edge
infrastructure, optimized using queuing theory, achieves opti-
mized latency for map updates in dense urban environments, as
demonstrated through Simulation of Urban MObility (SUMO)
simulations. [9] shows that in realistic multi-Mobile Network
Operator (MNO) 5G V2N2V scenarios, edge-proximal MEC de-
ployments with local peering can keep the average E2E latency
below 20 ms for a wide range of loads, indicating feasibility for
time-critical cooperative maneuvers such as lane merging. [10]
shows that MEC federation can reduce E2E latency by over 80%
in multi-MNO 5G V2N2V scenarios, supporting the feasibility
of sub-20 ms cooperative maneuvers such as lane merging.
However, none of the studies to date addressed real-time truck
health monitoring using processed anomalies without heavy on-
board retraining. By combining low-latency edge detection with
cloud-based temporal–spatial aggregation, we offer a scalable
solution for fleet-wide monitoring.

This paper presents a FA-assisted edge–cloud architecture
for connected trucks, where raw sensor data is processed on
NVIDIA Jetson Orin device to generate lightweight event
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Figure 1. Proposed Federated Analytics Architecture (FA Architecture).

summaries for real-time truck health monitoring. We also
introduce cloud-based TSA, using 15-minute time windows over
geo-fenced zones to create real-time anomaly hotspot maps. We
demonstrate efficient data reduction and achieve approximately
1-second E2E latency by using real data from Ford F-Max test
trucks and synthetic data.

The rest of the paper is organized as follows. Section II
presents the system model. Section III describes the algorithms
for analysis and aggregation. Section IV provides benchmarking
and performance evaluation results, focusing on end-to-end
latency metrics and comparisons with the raw data transfer
baseline. Finally, Section V concludes the paper and outlines
future work.

II. System Model
This section presents the proposed FA Architecture (see

Figure 1) for scalable, secure, and real-time truck behavior
and health monitoring in connected fleet systems. It supports
continuous data collection, processing, storage, and visualiza-
tion across on-board and off-board systems. The architecture
includes four main components: the Ingestion Module, Data
Processing Module, Off-Board Backend, and Inter-Vehicle
Data Sharing Module. On-board modules run on an NVIDIA
Jetson Orin System-on-Chip (SoC), enabling real-time edge
processing. The Off-Board Backend handles long-term storage,
data exchange, and visualization through its Internet of Things
(IoT) Service Center, Extract-Transform-Load (ETL) Service,
Storage Service, and Visualization Service. Table I summarizes
the modules and their relationship to FA.

The Ingestion Module (see Figure 2) acts as the communica-
tion bridge between edge devices and the cloud. It collects raw
sensor data via a Robot Operating System (ROS) topic consumer
and forwards these messages to the on-board Data Processing
Module. In addition, it transmits the processed results to the
cloud in real time, enabling bidirectional communication and

Figure 2. Architecture of the ingestion module.

scalable connection management. Each truck is registered as a
distinct IoT entity, which enhances security and access control.

The Data Processing Module serves as the on-board ana-
lytics engine, processing high-frequency telemetry to detect
anomalies, such as harsh braking, aggressive acceleration,
steering issues, and sensor faults. It uses socket connections to
stream data and applies thresholds derived from domain-specific
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heuristics to identify abnormal behavior.
The IoT Service Center enables bidirectional communication

by facilitating devices to transmit telemetry data to the cloud and
also receive updates and commands from the cloud [11]. In our
context, it plays a role as a secure and scalable bridge between
data transfer module and cloud services. We create three separate
devices on the IoT Service Center to manage and monitor each
vehicle’s data individually. Each vehicle has its own identity
within the IoT system, which enhances organization, security,
and scalability in the IoT architecture.

The Data Stream ETL Service aggregates telemetry and
anomaly events (e.g., throttle, brake, GPS, steering, sensor
health) using 15-minute sliding windows with 1-minute hops.
It streams edge-processed insights in real time to the Storage
Service [12].

Figure 3. An Architecture for Raw Data Transfer.

The Storage Service provides long-term storage for analysis
results and aggregated data, organized hierarchically by vehicle
and timestamp. This structure improves retrieval efficiency and
reduces operational costs [13].

The Data Visualization Service enables real-time analytics
and querying through external tables, avoiding the need for
data import. Dashboards show module health, warnings, mode
changes, and system metrics for both real-time and historical
analysis.

The Inter-Vehicle Data Sharing Module allows connected
trucks to exchange processed data in real time. It retrieves
and processes only the latest data (past 60 seconds) to ensure
relevance and uses parallel processing with log rotation to
manage system load.

To protect fleet data, the architecture uses layered security:
isolated Docker networks, Transport Layer Security (TLS)
encryption via an Nginx reverse proxy, and strict routing
rules. Only flagged events with minimal metadata (timestamp,
location) are sent to the cloud, ensuring privacy and reducing
system load.

Figure 3 shows the baseline architecture, where raw data is
sent directly to the cloud without edge processing. This model

is used to benchmark the improved performance and latency of
the proposed FA Architecture.

III. Algorithms for Analysis and Aggregation
This section outlines the core algorithms implemented in our

FA architecture, including both the on-board Data Processor
Algorithm (See Figure 4) and the off-board Temporal–Spatial
ETL Streaming Algorithm (See Figure 5).

The Data Processor Algorithm runs independently on each
vehicle to detect abnormal driving behavior and system anoma-
lies in real time. Threshold values are informed by domain-
specific heuristics and common telematics practices, and are
applied via configurable rule checks to ensure deterministic
real-time operation. A background daemon loads configura-
tions—network endpoints, rule checks, and thresholds—and
listens for Transmission Control Protocol (TCP) connections.
Each connection is handled by a dedicated thread that parses
JSON-formatted telemetry data into a queue. A worker thread
pool processes this data using rule-based checks to detect events
such as: aggressive acceleration (throttle> 90% for> 15s), harsh
braking (brake > 80% more than 3 times in 5 mins), erratic
steering (angle > 30° at least 3 times in 10s), and lane departure
risks (yaw error > 0.05 rad or lateral deviation > 0.5 m). It
also monitors module health—triggering alerts if any sensor
(camera, radar, traffic predictor) reports faults in 10 consecutive
readings over 20s—and flags abrupt control transitions (mode
changes within 2s). Triggered events are de-duplicated within
5 seconds and encoded into a compact JSON with vehicle ID
(i), warning type (r), and event hits (h: timestamps and GPS),
enabling efficient, low-bandwidth reporting without raw data
transfer.

The Temporal–Spatial ETL Streaming Algorithm runs off-
board and aggregates processed warnings in real time. Each
event is mapped to a geo-fenced zone based on GPS coordinates,
representing regions like delivery routes or test areas. A sliding
15-minute time window, updated every minute, groups events by
zone and computes two metrics: the total number of threshold-
exceeding events and the number of unique vehicles involved.
For example, in brake analysis, it counts high-braking events and
identifies how many different trucks triggered them in a given
zone and time frame. The output is a JSON object with fields:
z (zone ID), ws and we (window start and end in ISO 8601), hb
(high brake events), and av (active vehicles). This enables near
real-time visibility into fleet behavior, helping managers detect
and localize safety concerns by time and location.

IV. Benchmarking and Performance Evaluation
We provide a comprehensive benchmarking and performance

evaluation of the proposed FA Architecture, focusing on key
latency metrics to assess system responsiveness. The evaluation
includes average E2E latency under varying data rates and
network conditions. Real-world data is used to compare the
baseline and FA architectures, whereas synthetic data is used
for controlled experiments. No data filtering is applied during
testing. To ensure a detailed analysis, we break down the
latency measurements for the FA Architecture into several key
components. First, the On-board to Off-board latency refers to
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TABLE I.
MODULES AND THEIR ROLES WITHIN THE PROPOSED FEDERATED ANALYTICS (FA) ARCHITECTURE.

Module Location & FA Role Key Function & Output Format
Ingestion Module On-board (Jetson Orin)↔ Cloud (supporting) Collects ROS telemetry and forwards messages to

the on-board Data Processing Module. Transmits
processed data to the cloud; outputs
Telemetry JSON.

FA Processor
(Data Processing
Module)

On-board (Jetson Orin)
Core FA module

Performs real-time anomaly detection with
rule-based thresholds; outputs compact
Warning JSON.

ETL / TSA Streaming Cloud (post-FA aggregation) Aggregates warnings in 15-min sliding windows;
outputs Hotspot Summary JSON.

Storage Service Cloud Hierarchical blob storage for long-term archival
and retrieval.

Visualization Service Cloud (interface) Real-time dashboards and historical analytics for
fleet managers.

Inter-Vehicle Data
Sharing

On-board (Jetson Orin)↔ Cloud (FA-enabled
sync)

Distributes last 60 s of FA warnings to peer
vehicles; outputs Recent Warnings JSON.

the delay experienced during the transmission of data from
the vehicle to the off-board backend environment. Next, the
IoT Service Center to Data Stream ETL latency captures the
time taken from when data is enqueued in the IoT Service
Center until it is processed by the Data Stream ETL Service.
Finally, the Average E2E latency (Vehicle-to-Cloud-to-Vehicle)
represents the total time taken for data to travel from the
originating vehicle to the cloud, undergo processing, and be
transmitted to another connected vehicle. This final metric
encompasses all stages of data transmission, processing, and
response delivery. We evaluate the system’s performance under
two distinct experimental setups.

In the first setup, we compare the performance of the
proposed Federated Analytics (FA) Architecture with a baseline
architecture using real-world data from instrumented Ford
F-Max test trucks. In the baseline, raw data is transmitted
directly between vehicles via the IoT Service Center without
any intermediate analytics. In the FA Architecture, Vehicle 1
performs local analysis on an on-board NVIDIA Jetson Orin
device, and only the results are transmitted to the cloud. Vehicle
2 then retrieves the aggregated output from the Storage Service.
All tests use unidirectional communication and are repeated five
times, with the mean values used for evaluation. The experiment
involves three types of data streams: module status (20Hz),
Highway Pilot (HP) vehicle status (100Hz), and a combined
stream. These are transmitted through the Ingestion Module,
which includes a ROS topic consumer for real-time handling.
The module status stream reports health indicators, whereas
the HP vehicle status stream includes data, such as steering
angle, throttle input, and engine signals. Raw message sizes are
approximately 180 bytes for module status and 1850 bytes for HP
vehicle status. In contrast, the FA Architecture reduces data size
by transmitting analytics outputs—generated by the Data Stream
ETL Service—as compact JSON messages of up to 200 bytes.
These include warnings like steering anomalies and module
faults, significantly lowering transmission and storage costs.
This reduction is most pronounced for high-frequency streams

TABLE II.
LATENCY COMPARISON FOR RAW DATA TRANSFER AND FA

ARCHITECTURES.

Topics Raw (s) FA (s)
module status (20 Hz) 0.55 1.03
hpvehiclestatus (100 Hz) 0.62 1.11
Combined Streams 0.746 1.12

like HP vehicle status, whereas gains for lower-bandwidth
streams like module status are more modest, as event summaries
are already compact by nature.

Table II compares average end-to-end latency between the raw
data transfer architecture and the proposed FA Architecture. For
the module status stream at 20Hz, latency increases from 0.55
seconds (raw) to 1.03 seconds (FA), mainly due to the overhead
of retrieving processed data from Blob Storage. A similar pattern
is seen with the HP vehicle status stream at 100Hz, where latency
rises from 0.62 seconds to 1.11 seconds. For combined streams,
the raw architecture yields an average latency of 0.746 seconds,
compared to 1.12 seconds under the FA Architecture.

In the second setup, we assess the performance of the
proposed FA Architecture under varying data frequencies using
synthetic data in a bidirectional communication setup. Both
devices process, transmit, and receive information simultane-
ously. Structured synthetic telemetry messages, each around
3,311 bytes, are generated and sent to test system behavior under
different data rates. Each test iteration includes one AUTO and
one MANUAL transition message to simulate abrupt control
mode changes. To measure end-to-end latency, timestamps are
embedded in the JSON analysis results produced by the on-
board module, while additional metadata is appended on the
backend. The maximum size of analysis results retrieved from
blob storage during these tests is 134 bytes.

Table III shows the latency performance of the proposed
FA Architecture in a bidirectional setup under varying data
frequencies. One instance runs on an NVIDIA Jetson Orin
(Vehicle 1), the other on a laptop (Vehicle 2). The measurements
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Require: Environment variables (hosts, ports, flags, thresholds)
Ensure : Running data-processor service
processor ← DataProcessor(env.vehicle id) open TCP socket on

(listen host, listen port)
while true do

(conn, addr)← accept() spawnclient_handler(conn, processor)
end
Procedure client handler(conn, processor):

foreach line in conn stream do
row← parseJSON(line) processor.enqueue data(row)

end
Class DataProcessor(id):

start log-worker, processing-worker, warning-sender threads
Procedure enqueue data(row):

processing queue.put(row)
Procedure processing worker():

while true do
row← processing queue.get() if row is shutdown then

return
end
analyze(row)

end
Procedure analyze(row):

purge old data() update history(row) foreach check in
{throttle, brake, gps, steering, risky, modules} do

if check.enabled then
run check(row)

end
end

Procedure enqueue warning(text):
if not duplicate in last 5 s then

warning queue.put(text)
end

Procedure warning sender():
while true do

w← warning queue.get() if w is shutdown then
return

end
send over tcp(w)

end

Figure 4. Data Processor Algorithm.

TABLE III.
LATENCY ANALYSIS UNDER DIFFERENT DATA FREQUENCIES FOR

10-MINUTE DATA FLOW BETWEEN VEHICLES.

Data Freq. V1 → V2 V2 → V1
On→Off IoT→ETL Avg. E2E On→Off IoT→ETL Avg. E2E

0.5 Hz 0.083s 0.107s 1.18s 0.009s 0.109s 1.07s
1 Hz 0.018s 0.108s 1.05s 0.009s 0.104s 0.87s
5 Hz 0.008s 0.110s 0.76s 0.008s 0.104s 0.76s

10 Hz 0.009s 0.105s 0.80s 0.008s 0.104s 0.79s
20 Hz 0.009s 0.109s 0.86s 0.128s 0.114s 1.10s

include on-board to off-board latency, IoT service to data
stream ETL latency, and average E2E latency in both directions.
As frequency increases from 0.5Hz to 10Hz, latency values
decrease and stabilize, with optimal performance observed
between 5Hz and 10Hz. In this range, E2E latency remains
between 0.76s and 0.80s in both directions. At 20Hz, latency
increases due to higher computational load and queuing. On-
board to off-board latency remains stable at 0.009s (Vehicle 1 to
2) and rises to 0.128s (Vehicle 2 to 1). Average E2E latency
grows to 0.86s and 1.10s, respectively. IoT service to ETL
latency remains steady between 0.104s and 0.110s up to 10Hz,

Require: Continuous stream of telemetry events
Ensure : Real-time aggregates pushed to Storage Service
// Main ingestion loop
while event ← ingest next() do

event.timestamp ← extract event time(event) if not
is anomaly(event) then

continue
end
event.zone ← lookup geo fence(event.lat, event.lon) aggre-

gate queue.put(event)
end
Procedure aggregate worker()

while true do
window ← new window(15 min, 1 min) buffer ← de-

queue events(window)
foreach zone in buffer.group by(zone) do

events z ← buffer.filter(zone) hb ← count if(events z,
event.value ¿ threshold) av ← distinct count(events z,
event.vehicle id) result ← { “z”: zone, “ws”: win-
dow.start, “we”: window.end, “hb”: hb, “av”: av }
send to storage(result)

end
sleep until(next hop time())

end
end

Figure 5. Temporal-Spatial ETL Streaming Analysis Algorithm.

with only a slight increase at 20Hz. Furthermore, E2E latency
from Vehicle 1 to 2 rises by 13.16% (0.76s to 0.86s), while
latency from Vehicle 2 to 1 increases by 44.74% (0.76s to 1.10s).
These results highlight the trade-off between data frequency,
processing capability, and network performance, stressing the
importance of tuning the system for high-frequency workloads.

Beyond latency, the system supports operational effectiveness
by producing explainable event warnings and enabling TSA-
based hotspot identification for time- and location-correlated
insights. Robustness is supported by short-term de-duplication
and consecutive fault detection, which help filter transient noise.
Finally, scalability is enabled by the event-driven architecture
and fixed-window aggregation, which largely decouples cloud
processing and uplink costs from raw telemetry volume.

V. Conclusions and Future Work

This paper presents a federated analytics-assisted platform
that combines edge computing and cloud services to support
real-time monitoring in connected truck fleets. Telemetry data
is processed locally on Jetson Orin devices using domain-
specific threshold checks to reduce data transmission, preserve
privacy, and ensure low-latency responses. Aggregated insights
are generated through spatio-temporal analysis in the cloud, and
visualized via interactive dashboards for fleet-wide operational
awareness. Experimental results show that the system maintains
an average E2E latency of approximately 1 second even at 20
Hz data rates, demonstrating scalability and efficiency. Future
work will focus on latency optimization through edge-cloud
synchronization and 5G integration. By leveraging local pro-
cessing capabilities, we will also aim to implement lightweight
unsupervised learning models that can dynamically adjust
thresholds based on individual driver profiles and environmental
contexts, further enhancing the robustness of fleet management
solutions.
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Abstract—Proactive fault detection and anomaly detection are
among key enablers of autonomous driving technologies provi-
sioned to reduce operational downtime and increase reliability.
Unsupervised learning methods are utilized to detect patterns
in large datasets for clustering. In this study, we demonstrate
clustering-based anomaly detection using engine-related onboard
telemetry from connected trucks. First, we prepare the data
by missing value removal, relevant feature selection, and data
standardization in the preprocessing step. Then, we apply five
clustering methods: K-Means, Isolation Forest, Z-Score Analysis,
Gaussian Mixture Model (GMM) and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN). Finally, the
silhouette score, Calinski-Harabasz index, and domain-specific
thresholds are employed to validate the models’ performance
in anomaly detection. The results demonstrate that the best
performing clustering method is Z-Score.
Keywords— Connected trucks; anomaly detection; unsupervised
learning; clustering; vehicle telemetry.

I. INTRODUCTION

Anomaly detection in connected trucks is essential for pre-
dictive maintenance and enhanced fleet efficiency, leveraging
vehicle diagnostics, geolocation, driving behavior, and weather
data to extract actionable insights despite large, complex
datasets. Machine learning models predict maintenance needs,
detect anomalies, and optimize operations for safer, more cost-
effective fleet management [1]–[3].

In the automotive industry, corrective maintenance is em-
ployed to fix component failure [4]. On the other hand,
Predictive Maintenance (PdM) is a novel concept that focuses
on predicting potential vehicle failures before they occur by
analyzing vehicle data [5]. PdM reduces unplanned downtime,
leading to fewer unexpected repairs, increasing efficiency and
user availability. Unsupervised learning techniques offer robust
and effective anomaly detection algorithms to handle complex
and large-scale datasets in the context of connected truck
data analysis. They provide an optimal framework for the
design of anomaly detection algorithms to identify anomalies
in vehicle data, improve predictive maintenance, and optimize
fleet efficiency [6]. Unsupervised methods are commonly
preferred for pattern recognition and outlier identification [7].

Building on these methodological insights, recent studies
have applied unsupervised learning and anomaly detection
techniques across various domains within the automotive
industry, including driving behavior anomaly detection [8],
Electric Vehicle (EV) battery anomaly detection [9], sensor

data abnormality monitoring [10], intravehicular communica-
tion abnormality [11] and cybersecurity-intrusion protection
[12] [13]. The authors in [8] compare the performance of su-
pervised (Support Vector Machine (SVM), k-Nearest Neighbor
(KNN)) and unsupervised (isolation forest [14], Local Outlier
Factor (LOF), Z-score [15]) approaches for detecting behav-
ioral abnormalities. Their study utilizes Principal Component
Analysis (PCA) and the Minimum Covariance Determinant
(MCD) methods for dataset analysis. They conclude that the
MCD algorithm demonstrated remarkable results regarding
the metrics of accuracy, F1-score, and Mean Absolute Error
(MAE). [9] introduces an anomaly detection framework for
EV batteries to avoid problems such as thermal runaway and
overheat, based on time series analysis. They report that their
framework outperforms traditional anomaly detection meth-
ods, including PCA, KNN and autoencoders. [10] develops
a univariate time series data driven anomaly detection model
to detect anomalies in time series vehicle sensor data. They
conclude that isolation forest executes the best performance for
unsupervised anomaly detection on time series vehicle sensor
data. [16] proposes a two-stage approach for radio resource
management in Cellular Vehicle-to-Everything (C-V2X) net-
works. In the first stage, DBSCAN is utilized to cluster vehi-
cles based on their geographical locations, predicted positions,
and speeds. The study demonstrates that using DBSCAN for
vehicle clustering enhances spectral efficiency and optimizes
resource allocation in vehicular networks. In [17], the authors
propose an innovative anomaly detection algorithm, namely
the Long Short Term Memory (LSTM) Autoencoder with
GMM, to detect anomalous behavior in Connected and Au-
tonomous Vehicle (CAV) trajectories. Previously mentioned
studies lack a comprehensive, multi-algorithm approach that
integrates diverse vehicle subsystems, domain-specific thresh-
olds, and robust preprocessing for heterogeneous vehicle sen-
sor data, limiting their effectiveness in general-purpose, real-
world predictive maintenance.

This paper benchmarks multiple unsupervised anomaly de-
tection methods on heterogeneous, real-world engine-related
connected-truck telemetry within a unified evaluation pipeline.
The approach leverages unsupervised learning techniques,
specifically K-Means clustering [18], Isolation Forest, Z-score
analysis, GMM and DBSCAN to identify abnormal patterns
and potential system faults.

The paper is organized as follows: Section II describes the
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dataset and preprocessing. Section III presents the anomaly
detection algorithms. Section IV provides the performance
evaluation and results. Section V concludes the paper with
remarks and possible future work.

II. SYSTEM MODEL

This section outlines the system model for detecting anoma-
lies in engine-related connected-truck telemetry data.

The dataset used in this study is collected over a period
of 14 consecutive days from two identical connected trucks.
The entire dataset includes 90 features and 952815 data
points. The data is off-boarded from the truck’s onboard
telemetry system, which captures a comprehensive set of
features that reflect its operational behavior and performance.
Each feature is recorded with its own specific frequency,
creating a heterogeneous dataset requiring careful alignment
and synchronization during preprocessing. Data challenges
include missing values due to sensor failures and irregular
sampling rates stem from features being logged at different
intervals. These issues are meticulously addressed during the
preprocessing stage to ensure the reliability and suitability of
the data set for anomaly detection.

Figure 1. Correlation Heatmap of Vehicle Health Features.

Data preprocessing is a critical step in preparing the col-
lected dataset for analysis. Preprocessing techniques such as
standardization, null removal and data type conversion are
applied to ensure usability for anomaly detection. Feature
correlation is extracted by using a heatmap as in Figure 1. For
instance, EngCoolantTemp and EngOilTemp1 exhibit a strong
positive correlation (0.92), indicating that engine load and
thermal dynamics influence both parameters simultaneously.
Similarly, EngSpeed and EngOilPress display a high corre-
lation (0.86), reflecting the mechanical relationship between
engine speed and oil pressure. Features with a correlation
higher than 0.3 with any other feature is selected. The selected

features are; actual engine torque percent (ActualEngPer-
centTorque), engine coolant temperature (EngCoolantTemp),
engine speed (EngSpeed), engine oil temperature (EngOil-
Temp1), engine oil pressure (EngOilPress), tachograph ve-
hicle speed (TachographVehicleSpeed). 43858 samples were
obtained from 6 features in total by data preprocessing. The
data is normalized through a standard scaler by setting σ = 1
and µ = 0, for each feature. The preprocessed data is fed into
the K-Means, Isolation Forest, Z-Score, GMM and DBSCAN
algorithms to perform anomaly detection.

III. ANOMALY DETECTION ALGORITHMS

We implement five different algorithms to analyze the
preprocessed dataset for anomaly detection: K-Means Cluster-
ing, Isolation Forest, Z-Score Analysis, DBSCAN and GMM
Clustering.

K-Means clustering is initially utilized to obtain a basic set
of clusters. The clustering results are analyzed using PCA,
which reduces the high-dimensional data to two components
for easy interpretation. Data points deviating farther than 2
standard deviations from the mean distance of each cluster
are flagged as anomalies. This method’s suitability lies in its
ability to capture distinct operational patterns, such as idling or
high-speed driving, and effectively highlight deviations from
these norms.

Isolation Forest, a machine learning algorithm specifically
designed for anomaly detection, is applied to the same dataset.
It isolates anomalies by constructing random decision trees and
measuring path lengths. Its ability to handle high-dimensional
and diverse feature distributions makes it particularly effective
for identifying unusual engine states or sensor malfunctions.
The algorithm’s parameters, such as contamination level, num-
ber of estimators, max samples and max features are optimized
through grid search. The grid for the number of estimators
consists of the values 100, 200, 500. The grid for the maximum
samples consists of automatic selection, 50%, 75% of the
dataset. The grid for the contamination factor consists of 1%,
5%, 10% of the data. The grid for the maximum feature at each
tree consists of 100%, 50% of the features. Isolation Forest is
utilized, along K-Means to detect anomalies in the vehicle
sensor data by isolating outlier instances based on randomly
constructed decision trees, making it suitable for identifying
rare and irregular driving patterns or sensor behaviors.

Z-Score Analysis provides a statistical perspective by cal-
culating the number of standard deviations each data point
deviates from the mean. Z-Score anomalies are primarily
observed in features with normal distributions, such as en-
gine coolant temperature and oil pressure, to identify values
outside typical operating ranges. A threshold of three standard
deviations is used to flag extreme outliers. Such a threshold is
chosen because approximately 99.7% of data points lie within
3 standard deviations from the mean.

GMM, a probabilistic clustering technique that represents
each observation as arising from a mixture of multivariate
Gaussian distributions with their own means, covariances
and standard deviations, is applied to the vehicle dataset.
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This flexibility in modeling both the central tendencies and
the spread of correlated features (e.g., engine temperature,
oil pressure, speed) makes GMM particularly effective for
capturing overlapping driving modes and for identifying subtle
deviations indicative of early-stage faults. The parameters for
GMM is selected through grid search. The grid for the number
of components consists of 2, 3, 4, 5, 6. The grid for the
covariance matrix type consists of full, tied, diagonal and
spherical. The best results are obtained with 2 components
and a tied covariance matrix.

DBSCAN is a density-based clustering algorithm that
groups together points in high-density regions while marking
points in low-density regions as noise. In the context of vehic-
ular data clustering, DBSCAN excels at discovering clusters
of typical operational states (cruising, idling, or acceleration
patterns) without requiring the number of clusters a priori.
Through grid search, the best DBSCAN results are obtained
with an epsilon value of 1.120833 and minimum sample value
of 15. The grid for epsilon consists of 50 linearly spaced values
running from 0.1 to 5.0. The grid for the minimum samples
consists of the values 3, 5, 10, 15.

K-Means and GMM are utilized to capture the global struc-
ture of the dataset. DBSCAN and Isolation Forest spot local
and high-dimensional irregularities; and Z-Score provides a
transparent, per-signal sanity check. Their ensemble leverages
diverse detection philosophies such as centroid distance, den-
sity isolation, distribution probability, tree-based partitioning,
and statistical thresholding. Combining the strengths of each
algorithm proves to be far more robust than using any single
method.

IV. PERFORMANCE EVALUATION

The data is preprocessed and analyzed using Python and
libraries such as Scikit-Learn, NumPy, SciPy, Matplotlib,
Optuna, Seaborn and Pandas. The experiments are run in an
NVIDIA Drive AGX Orin device. The analysis employed K-
Means Clustering, Isolation Forest, Z-Score, DBSCAN and
GMM methods to identify anomalies in connected truck
telemetry data. Anomalies are defined as indicators of extreme
aggression in vehicle driving behavior or internal vehicle me-
chanics that could lead to future vehicle failures. For instance,
a data point with an ActualEngPercentTorque value of 94.0, a
EngCoolantTemp value of 100.0, a EngSpeed value of 1386.0,
a EngOilTemp1 value of 119.65625, a EngOilPress value
of 300.0, a TachographVehicleSpeed value of 38.210938 is
flagged as an anomaly, due to having ActualEngPercentTorque
value higher than the threshold of 90 and a EngOilTemp1 value
of 119.65625 higher than the threshold of 110.

A. Evaluation Metrics

To assess the effectiveness of the anomaly detection al-
gorithms, several evaluation metrics are employed. These
metrics are selected to provide insights into the clustering
performance, agreement between methods, and the ability of
each algorithm to identify meaningful anomalies within the
dataset.

The performance of Z-Score Analysis and Isolation Forest is
further validated by comparing their flagged anomalies against
domain-specific thresholds for engine-related features. The
threshold for ActualEngPercentTorque is set at 90%, similar
to [19], which maps a John Deere 4.5 L engine’s torque
curve and identified that 90 % of rated torque corresponds
to a high-load operating point. The threshold for the vari-
able EngCoolantTemp is chosen to be 100 degrees Celsius.
[20] proves that temperatures approaching or exceeding 100
degrees Celsius precipitate notable performance losses and
component damage. EngSpeed as a threshold is set to 2500
revolutions per minute. In [21], the upper bound for a Caterpil-
lar 3126B engine is found to be 2300 revolutions per minute,
for emissions purposes. Since our work focuses on testing
heavy duty vehicle load, we have set the threshold to be
slightly higher than the 2300 rpm limit. EngOilTemp1 is set
to have a threshold of 110 degrees Celsius. [22] shows that
a heavy-duty single-cylinder diesel engine achieved its lowest
specific fuel consumption 83 degrees Celsius and 88 degrees
Celsius. Their work argues that beyond 95 degrees Celsius,
engine oil consumption begins to increase again. Industry-
standard ageing tests show that key anti-wear additives degrade
markedly once oil temperatures exceed 110 degrees Celsius
[23]. EngOilPress is set at 600 kPa as a threshold. The value
is set at such a level according to [24]. In the work, the authors
have set their maximum measurement interval between 0-700
kPa for the engine oil pressure, where the majority of the
points lie within 0-600 kPa. The points above 600 kPa are thus
treated as anomalies in our work. TachographVehicleSpeed
is set at 90 kmh. The threshold was chosen according to
[25], where they demonstrate that carbon monoxide and soot
spikes occurred in the interval of 100–130 kmh of vehicle
speed. Since high carbon monoxide and soot generation of
the system means erroneous operation, a speed value of 90
km/h serves as a good barrier for prevention. The silhouette
score is used to evaluate the quality of the K-Means clustering.
This metric measures the cohesion and separation of clusters
by comparing the average distance of points within a cluster
to the average distance to points in the nearest cluster [26].
A higher silhouette score indicates well-defined and distinct
clusters.

B. Evaluation Setup

The Calinski-Harabasz Index is utilized as an internal vali-
dation metric to assess the clustering quality in the K-Means
algorithm. This index evaluates the ratio of dispersion between
groups to dispersion within groups, effectively measuring how
well defined and compact clusters are [27]. A higher Calinski-
Harabasz score indicates that the clusters are both tightly
packed and well separated from each other. Furthermore,
[28] highlights the index’s robustness in evaluating clustering
performance across varying datasets and its sensitivity to data
separability, making it a reliable metric for assessing the
clustering model’s effectiveness. This metric complements the
silhouette score by providing an additional perspective on the
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effectiveness of the clustering model in distinguishing between
normal and anomalous behaviors within the dataset.

Figure 2. PCA with 2 Components Through K-Means.

Figure 3. PCA Component Analysis Through K-Means and Z-Score Anomaly
Detection.

During K-Means analysis, four clusters are initially utilized
to capture major operational modes of the vehicle; idle, cruise,
acceleration, deceleration. Each operational mode has its own
level of engine load and thus needs its own analysis. Utilizing
K-Means clustering and PCA, the clusters in Figure 2 are
obtained. Each color in the cluster diagram denotes a unique
mode of vehicle operation. Then, obtained clusters are relayed
to the Z-Score algorithm, for further processing of anomalies
and detection thereof. The Z-Score algorithm is then run with a
Z-Score threshold value of 3. The resulting anomaly detection
plot is given in Figure 3, where the cross-markers denote the
anomalies. The Isolation Forest algorithm is then run with
a contamination factor of 0.05 and a hundred estimators, to
further detect anomalies or modify the existing anomalies.

Concurrently, the GMM is utilized. The pre-processed data
is further processed for utilizing in GMM. Sorting, windowing
and sampling operations are done on data before utilizing
GMM. Sorting is done as per the timestamp of the data. For
windowing, data is first resampled by splitting the data into

contiguous, non-overlapping 60-second bins, for each feature.
Then, the data is windowed to bins of separate statistic types,
namely the mean, the standard deviation, the minimum, the
maximum of each 60 second period, for each feature. Then,
columns with an 80 percent of missing values or more are
dropped. After windowing is completed, the data is imputed
and scaled via a standard scaler. The GMM algorithm is run
with a tied covariance matrix and 2 components. Similarly,
after hyperparameter optimization, the DBSCAN algorithm is
run with an epsilon value of 1.121, minimum sample value of
15.

C. Evaluation Results

In method evaluation, the silhouette score confirms the suit-
ability of the chosen number of clusters, reflecting clear sep-
arations between operational patterns in the truck’s telemetry
data. On the other hand, the Calinski-Harabasz Index validates
the clustering solution by confirming the distinctiveness of the
operational patterns identified in the truck’s telemetry data.

TABLE I.
COMPARISON OF CLUSTERING AND ANOMALY-DETECTION

METHODS ON VEHICLE TELEMETRY DATA.

METHOD SILHOUETTE CALINSKI–HARABASZ
K-Means 0.33 19281.7
Isolation Forest 0.473 671
GMM 0.513 6379.11
DBSCAN 0.297 5.916
Z-Score 0.569 7777.99

Z-Score analysis resulted in the highest silhouette score
of 0.569 and a strong Calinski–Harabasz Index of 7777.99,
reflecting its straightforward yet precise anomaly detection.
GMM followed with a silhouette score of 0.513 and an index
of 6379.11, demonstrating robustness in modeling both central
tendencies and spread. Isolation Forest achieved a silhouette
of 0.473 but a low Calinski–Harabasz Index of 671, indicating
its specialization in outlier isolation over cluster cohesion.
K-Means showed moderate performance with a silhouette
score of 0.33, Calinski-Harabasz index 19281.7 but was less
effective at capturing anomalies. DBSCAN’s density-based
grouping yielded a low silhouette score of 0.297 and an index
of 5.916, highlighting its difficulty in forming cohesive clusters
for this dataset.

V. CONCLUSIONS AND FUTURE WORK

This paper presents a unified benchmarking framework for
anomaly detection on engine-related connected-truck onboard
telemetry using K-Means, Isolation Forest, Z-Score analy-
sis, GMM, and DBSCAN. The results indicate that Z-Score
achieved the best overall performance on the studied dataset,
providing a transparent and effective per-signal sanity check
under domain-informed thresholds. K-Means was useful for
separating major operational modes, while Isolation Forest
complemented the analysis by isolating rare, high-dimensional
outliers. Although DBSCAN can explicitly label low-density
samples as noise and discover non-spherical structures, its
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single-density assumption may lead to fragmented clusters
when the data exhibit varying densities. In contrast, GMM
provides a probabilistic soft-assignment model that can rep-
resent overlapping operating regimes and correlated feature
structures, which is valuable for capturing subtle deviations.

Future work will focus on (i) validating the proposed
approach on longer time horizons and larger fleets to assess
robustness under seasonal and operational variability, (ii) ex-
tending the pipeline toward online/streaming anomaly detec-
tion to enable real-time edge deployment, and (iii) incorpo-
rating weak supervision from maintenance logs or diagnostic
trouble codes to calibrate thresholds, reduce false positives,
and improve interpretability. In addition, exploring temporal
modeling and change-point detection on multivariate telemetry
may further enhance early-fault sensitivity beyond point-wise
outlier scoring.
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Abstract—While the rate of new electric vehicle registrations
was only 10% in 2023 in the United States, electric vehicle users
still need access to public charging points. This study aimed to
characterize the differences in public charging point access across
the United States, and to estimate if low access was associated
with state-level rurality and low socioeconomic conditions. Based
on data available from the United States census and Department
of Energy, state-level public charging point access was defined
two ways: As public charging points per 10,000 residents, and as
a ratio of registered electric vehicles per public charging point.
Descriptive, geographical, correlation and regression analysis
was conducted to explore associations between socioeconomic
variables and public charging point access between states, and
to compare access between states. When comparing all states
and the District of Columbia (n = 51), we found that public
charging points per 10,000 residents ranged from 0.9 to 9.9
(median 2.4, interquartile range 1.7 to 3.4), and electric vehicles
per public charging point ranged from 9.2 to 76.5 (median
30.4, interquartile range 19.3 to 39.7). In regression analysis,
median state income was statistically significantly negatively
associated with public charging points per 10,000 residents,
and percentage with college degrees was strongly statistically
significantly positively associated with this rate. No socioeconomic
variables were statistically significantly associated with electric
vehicles per public charging point.

Keywords—Electric vehicles; public charging points; United
States; socioeconomic status; public policy.

I. INTRODUCTION

Electric Vehicle (EV) ownership is low in the United States
(US) relative to other countries; while the rate of new EV
registrations in the US was 10% (representing 1.4 million)
in 2023, it was just under 25% in Europe and about 60%
in China in the same year [1]. EVs must be charged, and
in 2021, the National Renewable Energy Laboratory (NREL)
estimated that between 78% and 98% of US EV owners had
access to residential charging [2]. It has been estimated in the
US in 2023 that 50% to 80% EV charging sessions occurred
at the residence, although less than 50% of households have
parking areas available where residential EV charging could
take place [3]. For example, residents of multi-unit dwellings
in the US have specific challenges to setting up residential EV
charging [2][3].

Setting aside the obstacles of establishing EV charging
at certain residence types, another important downside to
residential EV charging is that it strains the energy grid [4].
An additional consideration is that all EV charging cannot take
place residentially if EV users want to take long trips that ne-
cessitate access to chargers available in the community [5][6].
To account for this in the US, the Biden administration set a

goal of creating a national network with 500,000 EV public
Charging Points (CPs), and a law was passed providing $7.5
billion to support this expansion [5][7]. Under a scenario
where 50% of all new vehicle sales are Zero-Emission Vehicles
(ZEVs) by 2030 (to be in line with federal targets), it is esti-
mated that the US will need to have established approximately
1.2 million public EV CPs and 28 million private chargers by
that year [8][9].

Although many other countries have also invested in their
public EV charging infrastructures, disparities have been iden-
tified with respect to public CP accessibility [10]. Studies in
the US and other countries show that those who purchase
EVs are more likely to have higher income (largely due to
the high EV initial purchase price) and educational attainment
[11–16] . One study has shown that the availability of public
CPs in the US is correlated with the density of EV ownership,
which illustrates one aspect of such disparities [17]. This issue
has been termed the “chicken and egg” problem, whereby
public CPs are set up where EV ownership is higher, and this
incentivizes more EV ownership in the region where public
CPs are established [18]. Nevertheless, other studies in the US
have found that the availability of public CPs is not correlated
with population density, and is instead associated with higher
income, older age, larger percentage those identifying as white
race, and proximity to highways [13][14][18][19]. Another
US study found that disadvantaged communities (defined as
those exposed to a disproportionate share of environmental,
health, and climate-related burdens) have 64% fewer public
CPs compared to other communities [20]. In the US and in
other countries, the availability of public CPs has been found
to be lower in rural areas [21][22].

Public CP access is generally compared between regions
using either CPs per population, or CPs per EV [6][23][24].
Zema et al. [24] developed a top ten list of European countries
with the highest density of public CPs per population, and the
lowest rates of EVs per public CP. Their analysis found that
densities of public CPs per 10,000 population for the top ten
European countries ranged from 10.4 to 52.5, and the densities
of EVs per public CP for the top ten European countries ranged
from 0.6 to 3.0 [24].

While several research reports identify factors associated
with public CP access disparities in the US, their approaches
typically do not look at the differences between states
[10][19–21] . For a few examples, one study of inequity in
public CP access in the US examines this phenomenon at
the census track level [21]; others consider attributes of US
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regions in proximity to public CPs without regard to political
boundaries (such as census tracts, counties, or states) [10][19];
another compares public CP access in US communities with
particular attributes [20]; and others investigate public CP
access within specific locations, such as King County in
Washington state [25], New York City (NYC) [26], and
California [27]. These approaches, while legitimate, cannot
take into account the potential impact of state-level policies
supporting EV ownership and the development of a public
EV infrastructure [26][27]. California has passed laws and
funded projects aimed at increasing EV ownership and public
CP access, and projects to increase access to public CPs are
also underway in NYC, Kansas City in Missouri, and in the
states of Washington, New Jersey, and Ohio [13][26][27].

Additionally, socioeconomic conditions differ between
states which can impact disparities between states in terms of
the public CP infrastructure [13][28]. States also differ in their
proportions of non-white residents, low income households,
and rural locations, attributes which have been shown to be
associated with increased energy burden [28]. Also, states
have different levels of housing types (such as multi-unit
dwellings) that can impact the ability of residents to engage
in EV charging at home [13]. Therefore, the aim of this
investigation was to characterize the differences in public CP
access across the states in the US, and to estimate if low access
was associated with state-level rurality and low socioeconomic
conditions.

In this paper, Section II presents our methodology, including
the data sources we used and our analytic approach. Section
III provides our results, including a descriptive analysis, fol-
lowed by correlations, Analysis of Variance (ANOVA), and
regression analysis. Section IV presents a discussion, including
the strengths and limitations of the analysis, and the paper
concludes with Section V, which provides a conclusion and
discusses future work.

II. METHODOLOGY

A. Data Sources

For this analysis, each state in the US (including Washington
DC) was considered an experimental unit (n = 51). State-
level rurality was operationalized as non-urban areas and
was estimated from the gazetteer files provided by the US
census as a proportion. In the proportion, the numerator
was estimated by subtracting Urban Square Miles (SQMI,
represented by SQMI for metropolitan areas) from total state
SQMI [29]. The denominator was estimated as total state
SQMI. Where metropolitan areas crossed multiple states, they
were divided equally among each state. State-level socioeco-
nomic conditions were operationalized as median state income
(median earnings in the past 12 months in 2024 inflation-
adjusted dollars for the population aged 25 years and over
with earnings) and proportion of residents age 25 years and
over with bachelor’s degree or higher 2024. These data were
obtained online for each state from the US census [30].

Public CP access was operationalized in two ways: As
number of public CPs per 10,000 state population (CPPrev),

and as a ratio of number of EVs the state divided by number
of CPs in the state (EVPerCP). Number of EVs per state
registered in 2024 and number of CPs per state were obtained
from the Alternative Fuels Data Center (AFDC) provided
by the US Department of Energy; CP data were filtered to
only include EV CPs that were available as of September
16, 2025 [31]. State population was estimated using the US
census [30]. States were also analyzed in terms of divisions
and regions (see Table 1).

B. Analytic Approach

First, a descriptive analysis was performed on each state
individually, including mapping, then aggregated by division
and region. Next, correlations were explored between predic-
tors and public CP access measures (CPPrev and EVPerCP).
ANOVAs were conducted with region and division as predic-
tors and public CP access variables (CPPrev and EVPerCP)
as dependent variables.

Finally, a linear regression model was developed for each
public CP access measure as the dependent variable including
the independent variables of proportion non-urban, median
income, proportion with a college degree, and division as
indicator variables (compared to the East South Central di-
vision, see Table 1). For the regression model predicting
CPPrev (Model A), 1,000s of registered EVs in 2024 was
included as an independent variable, and for the regression
model predicting EVPerCP (Model B), 10,000 of population
was included as an independent variable. For all analyses with
statistical tests, α was set at 0.05. For regression models,
variables were retained if they met or approached statistical
significance. Statistical analysis was done using R GUI [32]
and maps were developed in Python.

III. RESULTS

A. Descriptive Analysis

Descriptive statistics were developed to characterize each
state, including adult population, proportion of non-urban
area, median income, and proportion of the population with
college degrees (data not shown). The results were that the
median population of all the states was 3,531,346 (Interquartile
Range [IQR] 1,471,384 to 6,148,676), the median proportion
non-urban was 0.98 (IQR 0.94 to 0.99), the median annual
income was $51,472 (IQR $50,113 to $57,208), and the
median proportion with college degrees was 0.36 (IQR 0.32 to
0.39). Descriptive statistics regarding EVs and CPs were also
developed for states (data not shown). The median number of
CPs per state was 714 (IQR 375 to 1,899), and the median
CPPrev was 2.4 (IQR 1.7 to 3.4, range 0.9 to 9.9). The median
number of EVs per state was 25,565 (IQR 8,108 to 71,152)
and the median EVPerCP was 30.4 (IQR 19.3 to 39.7, range
9.2 to 76.5). These results are summarized by division and
region in Table 1.

As shown in Table 1, CPPrev ranged from 1.6 to 6.1, and
EVPerCP ranged from 18 to 61. Figure 1 shows the number
of EVs and public CPs per state. In Figure 1, the category
boundaries follow close to the quartile estimates to facilitate
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TABLE I
DESCRIPTIVE STATISTICS ABOUT ELECTRIC VEHICLES AND CHARGING

POINTS BY DIVISION AND REGION

Division* Number
of

States

Number
of

Public
Charg-

ing
Points

Charging
Points

per
10,000
Popu-

la-
tions

Number
of Reg-
istered
Electric
Vehicles

2024

Electric
Vehi-
cles
per

Pub-
lic

Charg-
ing

Point
ENC 5 7,290 1.9 251,294 34
ESC 4 2,447 1.6 61,475 25
MA 3 9,111 2.7 336,157 37

MTN 8 6,859 3.4 291,764 43
NE 6 7,611 6.1 136,775 18
PAC 5 24,572 5.8 1,501,370 61
SA 9 13,931 2.5 614,617 44

WNC 7 4,112 2.4 93,767 23
WSC 4 5,320 1.6 268,226 50

Region**
MW 12 11,402 2.1 345,061 30
NE 9 16,722 3.6 472,932 28
S 17 21,698 2.1 944,318 44
W 13 31,431 5.0 1,793,134 57

Note: * ENC = East North Central, ESC = East South
Central, MA = Middle Atlantic, MTN = Mountain, NE =
New England, PAC = Pacific, SA = South Atlantic, WNC =
West North Central, WSC = West South Central. ** MW =
Midwest (includes WNC and ENC), NE = Northeast
(includes MA and NE), S = South (includes WSC, ESC and
SA), W = West (includes MTN and PAC).

a fair comparison. As shown in Figure 1, there are slight
differences in the density of EVs compared to the density of
public CPs per state across states. For example, several states
in the South Atlantic (SA), East North Central (ENC) and
Mountain (MTN) divisions appear to have a higher density
of EVs compared to public CPs. Figure 2 visualizes CPPrev
and EVPerCP by state. As with Figure 1, in Figure 2, the
category boundaries roughly follow quartiles to facilitate a fair
comparison. In Figure 2, although states in the West region
have high CPPrev, they also have a high EVPerCP. States
with low CPPrev and high EVPerCP include Illinois, New
Jersey, Florida, Oklahoma and Texas, suggesting EV owners
have the most limited access to public CPs in those states.
Several states in the Northeast region have high CPPrev but
low EVPerCP, suggesting that EV adoption by the population
is outpaced by the public CP charging infrastructure.

B. Correlation and Analysis of Variance

In correlation analysis, adult population was strongly pos-
itively statistically significantly correlated with number of
registered EVs in the state (r = 0.8054, p < 0.0001) and
number of public CPs in the state (r = 0.8448, p < 0.0001), and
number of registered EVs was even more strongly positively
statistically significantly correlated with number of public CPs
(r = 0.9747, p < 0.0001). In terms of access measures, with
respect to CPPrev, a strong positive statistically significant
correlation was seen with proportion with college degrees (r
= 0.7035, p < 0.0001), and a moderate positive statistically

Figure 1. Number of Electric Vehicles and Public Charging Points per State.
A: Number of public charging points. B: Number of electric vehicles.

Figure 2. Public Electric Vehicle Charging Points by 10,000 Population and
by Number of Electric Vehicles per State A: Public electric vehicle charging
points per 10,000 population. B: Electric vehicles per public charging point.

significant correlation was found with state median income (r
= 0.5715, p < 0.0001). A weak but statistically significant
negative correlation was seen between CPPrev and proportion
of non-urban land (r = -0.3631, p = 0.0088). In terms of
EVPerCP, there was a moderate, positive statistically signifi-
cant correlation with state adult population (r = 0.4847, p =
0.0003). All other correlations were not statistically significant.

For ANOVA results, with respect to CPPrev, both division
(p = 0.0001) and region (p = 0.0007) were statistically signif-
icant, and similar results were found for EVPerCP (division p
= 0.0054, region p = 0.0399).
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C. Regression Analysis

Both Model A (with CPPrev as the dependent variable)
and Model B (with EVPerCP as the dependent variable) were
developed. To develop a final equation for each model, for
Model A, only the following covariates were retained in the
model: 1,000 registered electric vehicles 2024, median income,
proportion with college degrees, and the indicator variable for
NE. For the final Model B equation, the following covariates
were retained: 10,000 population and the indicator variable for
PAC. The results were:

Model A

ŷ = −1.1959+0.0026EV−0.0001MI+23.4885PCD+2.3771NE

Model B

ŷ = 24.8170 + 0.0121POP + 16.7633PAC

where EV is number of EVs in the state, MI is median
income, PCD is proportion of residents with college degrees,
NE is New England division, POP is adult population, and
PAC is Pacific Division. The adjusted r2 for final Model A
was 0.7126, and for final Model B, the adjusted r2 was 0.2935.
These measures indicate that while the covariates in Model A
explained about 71% of variance in CPPrev, the covariates
in Model B only explained about 29% of the variance in
EVPerCP, indicating that the model fit for Model B was far
inferior to the model fit for Model A. While the higher r2 for
Model A indicates strong in-sample explanatory power, this
does not by itself guarantee predictive performance on new
data, which is sufficient for the current analysis which is not
intended to be predictive.

In Model A, which predicts CPPrev, 1,000 registered EVs
was statistically significant (slope = 0.0026, p = 0.0016), as
was proportion with college degrees (slope = 23.4885, p <
0.0001) and the NE division (slope = 2.3771, p < 0.0001). All
other covariates in the model were not statistically significant.
However, median income, which had a negative association
with CPPrev in the model, approaches statistical significance
(slope = -0.0001, p = 0.0627). As those with college de-
grees typically have a higher income than those without, the
contradiction between the positive slope for proportion with
college degrees and the negative slope for median income may
reflect collinearity between the two covariates in the model.
All statistically significant slopes were positive, indicating a
positive association with CPPrev, and the magnitude of the
slope for proportion with college degrees was much higher
than the others, indicating that controlling for other factors,
this covariate has a very strong positive association with
CPPrev.

The results from Model B, which predicts EVPerCP, were
quite different from Model A. The slope for the covariate
for 10,000 population was positive and statistically significant
(slope = 0.0121, p = 0.0009), as was the slope for Pacific
division (slope = 16.7633 p = 0.0168). As was seen in Model
A for the slope for proportion with college degrees, the

magnitude of the slope for the Pacific division in Model B
was very high. None of the other covariates are statistically
significant in the model.

IV. DISCUSSION

Our analysis showed that there were wide differences in
public CP access across the different states in the US. In
final regression models, neither measure of public CP access
we used was associated with state-level rurality. However,
the access measure of public CPs per 10,000 population
was slightly negatively associated with median income and
strongly positively associated with the proportion of popula-
tion holding a college degree in the state. While the correlation
analysis revealed a moderate positive statistically significant
correlation between public CPs per 10,000 population with
state median income, this association became slightly negative
when included in the full regression model in the presence
of other covariates. The access measure of EVs per public
CPs in the state was not associated with any socio-economic
variables in final models. In final models, it was found that
state division membership mattered, in that for public CPs per
10,000 population, the NE division was strongly independently
positively associated, and for EVs per public CP, the PAC
division was strongly independently positively associated.

Several important observations can be made from this
analysis. First, public CPs per 10,000 residents in each state
ranged from 0.9 to 9.9. With respect to that metric, even the top
state is lower than the lowest of the top ten European countries,
which is Denmark at 10.4 [24]. With respect to EVs per public
CP, the range for states was 9.2 to 76.5, which is much higher
than the least accessible of the top ten European countries,
which is Hungary at 3.0 [24]. This shows that while there is
much variation state to state on these access metrics, overall,
compared to European countries, public CPs are generally less
accessible in the US.

Next, socioeconomic indicators in this analysis were asso-
ciated with public CPs per 10,000 residents in each state,
but not with EVs per public CP. Median income had a
slight negative association, showing that higher median income
is associated with fewer public CPs per 10,000 residents.
However, proportion with college degrees in the state had
a strong, positive association, suggesting that how educated
the population is strongly influences the number of public
CPs. As described earlier, EV owners tend to be more highly
educated [11–16] , yet proportion of college degrees was not
correlated with number of EVs in the state. Therefore, the
persistence of college degrees being associated with higher
rates of public CPs per population in the regression analysis is
likely a result of a more educated populace selecting leaders
that prioritize CP access as part of public policy. Although
having a college degree is generally associated with enjoying a
higher income, states with depressed economies generally have
a lower median income, regardless of the level of education
of their population.

That the NE division was strongly positively associated
with CPs per population, and that the PAC division was
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strongly positively associated with EVs per CP also is likely a
reflection of public policy initiatives. With respect to the NE
division, public policy has emphasized expanding the public
CP infrastructure, and programs to expand public CP access
have been implemented in Rhode Island, Massachusetts, and
New Hampshire [33–35]. However, the states in PAC had
significantly higher EVs per public CP, which suggests that
CP access is much poorer in that division. This is likely
due to an emphasis in public policy toward EV adoption
without a comparable emphasis on expanding the public CP
infrastructure to accommodate the increasing number of EV
users. The California ZEV program, which was started in
1990, aims to reduce Greenhouse Gas (GHG) vehicle emis-
sions through establishing vehicle standards, and other PAC
states such as Oregon and Washington (as well as states in
other divisions) have developed their own programs based on
ZEV [36][37]. Because the focus in the PAC division states
has been on EV adoption rather than public EV charging
infrastructure, it appears that EV ownership has now outpaced
the development of public CP access. While many studies
examine a lack of equity in EV adoption within California
and other PAC states [25][27][38][39], comparing access to
the public CP infrastructure between these states and states in
other divisions has not been a focus of research (although it has
been acknowledged that there is a tradeoff between subsidizing
EV adoption and investing in a public CP infrastructure in
California specifically [39].

This analysis has both strengths and limitations. The main
strength is that it provides an evidence-based descriptive
comparison between states with respect to public CP access.
While this is a strength, it limits the granularity of the analysis;
as an example, the center of a large city may not have
a heightened demand for public CP access because of the
availability of public transportation, while an area in the city
with a lower population density may have a higher need
for public CP access. Other limitations include using only
estimated measures of public CP access and socioeconomic
status, as well as having sample size limited to the number of
states in the analysis (which is likely why other research on
public CP access in the US tends to use smaller geographic
regions for comparisons [10][19][21]. We acknowledge that
our research did not find an association between rurality and
charger access at the state level, which contradicts prior studies
that find lower charger density in rural areas [5][10][21][33].
The discrepancy likely stems from our use of broad state
level rurality percentages rather than more precise measures
(such as rural tract counts, or distance to nearest charger).
As a result, our analysis may underestimate the true rural
access gap. Further, the regression analysis of EVs per public
CP (Model B) showed a relatively poor fit, indicating that
substantial unexplained variability remains, potentially due to
omitted factors, measurement noise, or nonlinear relationships
not captured by the linear specification.

V. CONCLUSION AND FUTURE WORK

Our analysis aimed to characterize the differences in ac-
cess to public CPs between states in the US, as well as
seek evidence as to whether low access was associated with
attributes correlated with low public CP access identified in
existing analyses, namely state-level rurality and low socioe-
conomic conditions. We did this by utilizing public data to
conduct a state-by-state comparison, and by using regression
to estimate whether rurality and low socioeconomic conditions
were associated with low public CP access while adjusting
for other variables. While a state to state comparison did not
find an association between rurality and public CP access,
number of public CPs per 10,000 population was found to
be associated with socio-economic variables. Further, states in
the NE division were found to have significantly better public
CP access, while states in the PAC division were found to
have significantly worse public CP access (compared to other
divisions). Overall, public CP access in states was much worse
when compared to access in European countries.

We acknowledge that the current analysis reflects the status
of EVs and CPs in the US in 2024 only. Given the rapid growth
of EV adoption and public CP development, our findings
may become outdated quickly. For future research, we intend
to track EV ownership and public CP access longitudinally,
which will facilitate observing the impacts of policy changes
and market dynamics in the US over time. Also, while this
analysis only explored the socioeconomic variables of income
and education, future research will consider other equity
dimensions such as race/ethnicity and age when studying
which subpopulations are most affected by public CP scarcity.
Future research could also consider areas at a higher level of
granularity, such as regions within a particular metropolitan
area.

While public CP access is likely influenced by many factors,
one of the strongest influences is public policy. States with
many registered EVs but low levels of public CP access should
now turn their attention to developing public initiatives aimed
at increasing number of public CPs, as well as increasing
access to them through lowering charging costs or other
incentives [25][27][33–39] . As EV adoption continues on an
upward trajectory in the US, it will be necessary for federal
and state policies to prioritize ensuring public CP access to
keep pace with this increase. Future research should investigate
the most efficient methods for expanding public CP access
in the US, especially among states where EV ownership is
already high.
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