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A B S T R A C T
The emergence of software-defined vehicles has brought machine learning into the vehicular
domain. To support these data-driven applications, techniques to incentivize users to share their
vehicle data are crucial. Federated learning trains machine learning models in a distributed
manner, leveraging client data without compromising its privacy. Nonetheless, in vehicular
networks, the dynamic behavior of nodes affects client availability and the global model’s
performance. Accordingly, this paper evaluates federated learning (FL) in a realistic vehicular
network topology, accounting for real vehicle traffic in two Brazilian urban areas. The network
simulation covers 3.7 𝑘𝑚2 with 1,290 vehicles per hour and road speeds, based on real data.
Our paper provides a comprehensive analysis of the impact that different traffic behaviors
can yield during the training phase of a federated learning model. We observe that there is a
performance decay in urban areas with longer vehicle permanence. Interestingly, longer vehicle
participation in FL training leads to a biased final model with reduced generalization. We propose
a novel approach to verify vehicle variability over time, by using the Dice-Sørensen coefficient
to compare the set of clients participating in different rounds of training. By maintaining the
vehicle variability over the rounds we can reduce the effect of the bias on the model, and – with
a 47% reduction of the communication overhead – achieve faster learning, higher convergence
in the first 15 rounds, and an equivalent final accuracy. Additionally, we extend our analysis by
conducting simulations under more extreme traffic scenarios across multiple datasets, using a
MobileNetV3. The results confirm that sustaining high vehicle variability – in scenarios with
a brief participation of vehicles in the training – yields comparable model performance while
saving up to 83.5 GB in communication costs.

1. Introduction
The rise of software-based vehicular technologies culminating in software-defined vehicles (SDVs) has made AI

essential for applications such as resource management, maintenance prediction, driver assistance, and autonomous
driving. AI’s growth potential is significant [27], with major corporations adopting it and governments enacting
supportive regulations [6]. Data is needed to develop and enhance AI models, and modern vehicles generate vast
amounts of data. However, this also raises privacy concerns [29]. To address privacy, Google proposed the federated
learning framework [28].

In federated learning, each client receives the same initial global Neural Network (NN) model from a central server,
trains it on local data, and sends only the updated NN weights back to the server, keeping the data private [11]. The
server aggregates these weights into a global model, which is later redistributed to the clients for the next round,
completing one federated learning training round.

When vehicles act as clients, relying on connectivity, the dynamic nature of vehicular networks poses a challenge
due to the constant movement of nodes, which may frequently enter and leave the network [12]. This variability is
influenced by factors such as road topology, speed limits, and queue factors. Distributed systems reliant on wireless
communications, such as 5G, depend on the availability of nodes within a coverage area. Here the coverage translates
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to a specific region of interest. In vehicular federated learning, this means each training round will vary in the number
and identity of participating vehicles, affecting the combined set of local datasets and, consequently, the global model.
Therefore, to evaluate the performance of vehicular federated learning systems realistically, it is essential to account
for the dynamic availability of vehicles resulted from their high mobility patterns.

This study investigates the role of client availability in federated learning (FL) within large-scale vehicular
networks, focusing on how traffic patterns influence model performance. The research aims to analyze the intermittent
client participation effect due to vehicles entering and exiting a defined area during training. We evaluate the
performance of federated learning, focusing on the final global model’s generalization capability. Our analysis is
conducted over different datasets of image classification due to its relevance in sensitive role in vehicular applications,
ranging from driver assistance systems that provide situational alerts to autonomous driving systems requiring high
model accuracy for safety-critical decisions.

Preliminary experiments use real traffic data from Rio de Janeiro and Niterói to simulate vehicle participation
during FL training. A convolutional neural network (CNN) is trained on the MNIST dataset [8] to evaluate the impact
of vehicle density and variability. The results reveal disparities in model performance between regions, attributed to
differences in vehicle stay duration and participation patterns. To explain these disparities, a hypothesis is formulated
that states that longer vehicle stays often lead to over-representation of specific clients, potentially introducing bias in
the training process towards those favored clients. To evaluate the impact of vehicle stay, we employ the Dice-Sørensen
(DS) coefficient [22], a metric that quantifies the overlap between two sets. This coefficient is used to measure the
similarity of client data across federated learning rounds, providing insights into how traffic patterns influence the
training process.

To mitigate this potential bias, a participation limit is imposed, reducing data overlap while improving model
performance, even with a 47% drop in vehicle participation density. Building on these findings, we expand our
analysis to more complex datasets—CIFAR-10, CIFAR-100 (coarse and fine), and GTSRB—to examine the broader
implications of traffic patterns. To analyze more complex data, we also improve our machine learning model and
pipeline by using a state-of-the-art model, MobileNetV3, for its suitability in embedded systems, along with a
hyperparameter optimization for the individual clients in federated learning to enhance performance specifically in
the federated case.

The results show that while simpler models like CNNs are more sensitive to bias, MobileNetV3 leverages larger
datasets more effectively, though extended vehicle stays can still cause minor biases in extreme scenarios. Interestingly,
regions with shorter vehicle stays achieve comparable performance to regions with longer vehicle stays while using
a fraction of the total vehicles in training, which significantly reduces communication and computational costs. This
highlights the potential for optimizing FL in vehicular networks by balancing data volume, client diversity, and model
capacity.

In summary, this paper makes the following contributions: (1) We conduct a detailed analysis of the impact of
traffic dynamics on federated learning (FL) at scale, addressing a gap in prior research by evaluating a wider range of
scenarios, including extreme mobility conditions, and using four datasets of increasing complexity, including GTSRB
with 43 traffic sign classes. (2) We leverage MobileNetV3 to better represent federated learning deployments on
resource-constrained embedded systems and enhance the FL process through hyperparameter optimization. (3) We
propose a novel approach to verify vehicle variability over time using the Dice-Sørensen coefficient to compare the
set of clients participating in different rounds of training. (4) We demonstrate that maintaining vehicle variability over
training rounds reduces bias, achieving a 47% reduction in communication overhead while enabling faster learning,
higher convergence in the first 15 rounds, and equivalent final accuracy.

The paper is organized as follows: Section 2 discusses related work on vehicular federated learning. Section 3 details
the methodology, including how we defined the traffic patterns analyzed, specifics regarding the datasets and models
used, and the hyperparameter optimization conducted. Section 4.1 evaluates the performance between the patterns
of two different regions in a simple task. In Section 4.2, we then evaluate the results on the generated distributions
reflecting more extreme cases of traffic patterns, with the aim of understanding the implications for more complex
tasks using a state-of-the-art model. Section 5 concludes the paper and discusses future work.

2. Related Work
Compelling work related to the process of vehicular federated learning has been developed, focusing on client

availability and reputation, vehicular mobility, and V-2-V communications. Mobility, for instance, is one of the main
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aspects to account for when developing vehicular systems. In [23], a communication-efficient federated learning
framework is evaluated considering 1,000 devices. However, their approach, although focused on the vehicular context,
does not account for mobility. In [39], an aggregation approach is proposed, and federated learning is evaluated in
the vehicular context. However, the work accounts for uniform mobility, which does not impact the node availability
throughout the training. The paper [42] proposes a mobility-aware caching for federated learning in vehicular networks.
In this work the vehicle speed is modeled following a truncated Gaussian distribution, which is used in other vehicular
network papers [2, 1, 41]. Nevertheless, these works are deeply focused on modeling vehicles velocity, accounting for
simpler road topology, and do not cover the aspects of complex traffic patterns observed in urban areas.

Other core aspects, such as client behaviour, reliability and availabitlity, highly influence the deployment of
vehicular federated learning systems. The study in [31] introduces a greedy algorithm that selects clients for training
based on their computational resources and wireless link quality. It assumes that all clients are always available and
willing to participate, allowing the centralized server to decide which ones to involve. As a result, the work focuses on
server-side decision-making rather than the unpredictable nature of client availability—an important factor in vehicular
networks. Although the results are promising, they do not address the randomness introduced by client mobility, which
is a key aspect we aim to explore.

The work in [40] takes into account limited client participation due to bandwidth and time constraints and proposes
a client selection algorithm for federated learning. However, in their setup, clients join or skip training based on their
willingness or the state of their local datasets, not focusing on the mobility aspect. The authors also adopt a hybrid
strategy that includes using parts of client data in a centralized training setup. Despite yielding the best performance
in terms of accuracy, the hybrid approach bypasses the privacy issue, raising the question of comparability with other
federated learning solutions.

In [21], client participation is handled through a reputation system that scores each client based on their reliability
and data quality. However, similar to [31], the variation in client participation comes from choices made by the server,
not from actual client behavior. This means the approach assumes clients are always available, which does not reflect the
reality of highly dynamic settings like vehicular networks. While both works consider differences in client participation,
they do not fully explore the challenges caused by clients becoming unavailable due to factors outside the server’s
control, such as unstable connections. Their focus is mainly on choosing clients, not on dealing with unpredictable
availability, which can have a substantial impact on real-world model performance.

Additional work can be found regarding client’s reputation. In [25], the authors focus on updating client reputations
in a privacy-preserving way for vehicular networks. They leverage cloud-fog collaboration and cryptographic masking
to protect identity and reputation data, while ensuring accurate updates. Unlike other approaches, it addresses both
privacy and correctness without relying on fully trusted entities

Some other works focus in assesing client reliability in vehicular networks. In [17], the authors propose a trust
evaluation scheme for federated learning based on digital twins. For the simulations, clients assume different behavior
patterns that reflect if they have a benign or a malign contribution to the model’s training. The paper demonstrates that
their method is capable of identifying the different behaviors and adapting the system’s trust value according to the
contribution of the client to the model. However, the work does not focus directly on vehicular mobility or on traffic
patterns, nor on their direct impact on the federated learning training.

There is more limited research regarding client availability in federated learning. In [36], a convergence analysis
is conducted where client availability follows an arbitrary finite-state Markov chain. This modeling choice captures
scenarios where client activities exhibit correlation patterns. Nevertheless, the availability is not related to vehicular
networks as it does not consider the impact of traffic patterns. In [35], an analysis over the client availability issue is
performed with a proposed solution. In this work, the availability models are defined in 5 categories. Always available
clients form the baseline model; scarce availability occurs with a probability of being available 20% of the time; home
devices and smartphones have independent availability patterns based on log-normal distributions and sine-modulated
functions, respectively; and uneven availability scales inversely with each client’s dataset size. In this context, the study
does not incorporate client availability models based on mobility, thereby not capturing the dynamic nature of vehicular
networks.

Although not the main focus of this work, cybersecurity is also an important concern in federated learning,
especially in vehicular networks. Studies such as [30],[26], and [15] address security threats like backdoor attacks,
vulnerabilities in V2V communication, and other malicious behaviors. These works highlight potential risks that should
be considered when deploying federated learning in dynamic and open environments.
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Table 1
Comparison of works regarding federated learning, vehicular scenarios, and client availability.

Works Vehicular
Scenario

Intermittent
Client Participation Mobility Model

for embedded devices
[23] Yes No No No
[31] No Yes No No
[40] No Yes No No
[21] No Yes No No
[36] No Yes No No
[35] No Yes No No
[39] Yes Yes Limited No
[32] Yes Yes Yes No

Ours Yes Yes Yes Yes

In [13], we approach the gap in the literature regarding the analysis of the dynamic behavior of vehicular networks
in a federated learning context. We tackle this by analyzing mobility and client availability in two distinct urban regions,
evaluating how traffic patterns and vehicle stay impact federated learning performance on the MNIST classification task
while using a CNN model. The results show that a potential bias can appear towards vehicles that stay for longer periods
in the training regions. By limiting the participation of these vehicles and consequently enhancing the data variability
in training, we observed a reduction in 47% of the total vehicles involved in training while sustaining equivalent or
better performance in the classification task.

The present work expands substantially on this foundation by providing a deeper and broader evaluation of traffic
patterns and their impact on FL. While prior research has largely overlooked how traffic dynamics affect FL at scale,
we close this gap by conducting a detailed analysis across a wider range of scenarios, including extreme mobility
conditions. Our experiments span four datasets of increasing complexity – including GTSRB with its 43 traffic sign
classes – and leverage MobileNetV3 to better represent deployment on resource-constrained embedded systems. We
further enhance the federated learning (FL) process through hyperparameter optimization. To evaluate the practical
implications of our approach, we also conduct communication cost simulations. Our findings reveal that training in
regions characterized by high client variability, significantly improves convergence in the early stages and preserves
strong model performance throughout training. Importantly, this is accomplished while engaging fewer vehicles in
the training process, resulting in substantial reductions in communication overhead. In some configurations, total
communication costs were reduced by as much as 83.5 GB. These results highlight the advantages of strategically
selecting training regions with rich client diversity: they offer a favorable balance between learning efficiency, resource
usage, and real-world feasibility in federated learning deployments. Table 1 presents an overview of the literature
considered, highlighting the presence of a vehicular scenario, client availability evaluation, mobility from the federated
clients, and the use of state-of-the-art models for edge devices.

3. Methodology
In this section, we explain the mobility simulation characteristics and how the federated learning is modeled based

on this mobility. We also present details regarding the preliminary results and the expanded simulations.
3.1. Federated learning modeling

In the vehicular federated learning simulations, each vehicle is indexed and treated as an independent client with
a dataset that is distinct from those of other vehicles. To achieve this, the complete dataset is partitioned by the total
number of clients in the simulation, in an iid fashion, and then distributed across those clients. Additionally, vehicles
are presumed to have identical hardware resources, resulting in both uniform individual training times and identical
local dataset sizes.

An important factor we investigate is the vehicle training frequency, defined as the number of rounds a particular
vehicle participates in during the federated learning process. This concept is crucial because each client (vehicle)
maintains its own static local dataset throughout the training rounds. Intuitively, the participation by the same clients
can lead to an over-representation of specific datasets, which may not accurately reflect the true distribution of data in a
broader environment. This lack of diversity in data samples could potentially affect the performance and generalization
G. Fittipaldi et al.: Preprint submitted to Elsevier Page 4 of 26



of the global model. Regarding the communication between the vehicles and the centralized server, we assume that a
vehicle is only disconnected when it leaves the region of interest.
3.2. Preliminary simulations setup
3.2.1. Region selection

To understand the impact of different urban scenarios on vehicular FL, two distinct regions of the metropolitan
area of Rio de Janeiro were chosen for evaluation based on several criteria to ensure a fair comparison. Firstly, both
regions have an equal area of 3.7 km2, assuming the centralized server has the same limited coverage area. Secondly,
the regions are situated in central parts of the cities of Rio and Niterói to ensure a high density of vehicles and mobile
network coverage. Thirdly, the regions have a similar level of complexity in road topology. This is determined by
combining spatial metrics such as edge density, intersection density, and lane kilometer density. This criterion ensures
the avoidance of regions like express highways, where node behavior can be much simpler, which is not the focus of
this study.

The combined complexity metric of the road topology is defined as:
𝑆 = 𝑤𝑒 ⋅

𝑑𝑒
𝑑𝑒,max

+𝑤𝑖 ⋅
𝑑𝑖

𝑑𝑖,max
+𝑤𝑙 ⋅

𝑑𝑙
𝑑𝑙,max

, (1)

where:
• 𝑤𝑒, 𝑤𝑖, 𝑤𝑙 are the weights assigned to the edge density, intersections, and lane kilometers respectively.
• 𝑑𝑒 is the edge density.
• 𝑑𝑖 is the density of intersections.
• 𝑑𝑙 is the density of lane kilometers.
• 𝑑𝑒,max is the maximum observed value of edge density between the two regions.
• 𝑑𝑖,max is the maximum observed value of intersection density between the two regions.
• 𝑑𝑙,max is the maximum observed value of lane kilometer density between the two regions.
The values of the weights are defined based on importance in complexity. The edge density is considered the most

important factor, as it directly accounts for the quantity of possible end-to-end routes in the region. The second most
important factor is the density of intersections, as they also impact the quantity of possible routes. Given a pair of edges
defining the start and finish of a route, each added intersection represents a decision point where different paths can
be taken. The more intersections, the greater the number of decision points, which increase the probability of possible
paths, depending on the road topology.

The last factor considered is the density of lane kilometers. While more lanes can accommodate more traffic, they
don’t necessarily increase the number of different routes available. Lane kilometers are more related to the capacity
and efficiency of the roads rather than the complexity of the network structure. As such, we give less weight to the
density of lane kilometers in the combined complexity metric. The weights were defined as follows:

[𝑤𝑒, 𝑤𝑖, 𝑤𝑙] = [0.5, 0.4, 0.1]. (2)
Initially, two visually similar regions are chosen for the analysis, in which the 3.7𝑘𝑚2 area defined contained the

geographical boundaries of the neighborhoods. Then the combined complexity is calculated to infer the similarity
between the regions. The neighborhoods chosen were Botafogo and Icaraí, located in the state of Rio de Janeiro,
Brazil. Table 2 summarizes the main characteristics of the two simulated areas.
3.2.2. Dataset and Model

For the initial analysis we use the MNIST dataset [8] due to its broad use in the literature [23, 5, 24] and substantial
size, making it suitable for partitioning in large-scale federated learning experiments. MNIST comprises 60,000
grayscale images of handwritten digits, with size 28 × 28 pixels and categorized into ten classes (digits 0-9).

A simple convolutional neural network (CNN) design is used. It comprises two convolutional layers with ReLU
activation functions followed by a 2 × 2 max-pooling layer. The output of these convolutional layers is fed into three
fully connected layers with ReLU activation functions. The final softmax layer has 10 outputs to classify the images.
G. Fittipaldi et al.: Preprint submitted to Elsevier Page 5 of 26



Table 2
Main characteristics of the two urban regions simulated.

Botafogo Icaraí
Area (𝑘𝑚2) 3.7 3.7
Intersections 347 347

Edges 591 534
Lane length (𝑘𝑚) 86.4 80.5

𝑆 0.94 1

3.2.3. Traffic Patterns simulated from regions
The mobility simulation regarding the regions is done using the SUMO simulator [9]. The maps of the selected

regions were exported from OpenStreetMap [14]. Vehicle flow rates were derived from traffic observed between 9
a.m. and 1 p.m. on major streets in Botafogo (Voluntários da Pátria and São Clemente), with an average of 1,290
vehicles per hour used to define the inflow for both Botafogo and Icaraí regions. All simulations used the Krauss
car-following model, with acceleration set to 2.6 m/s², deceleration to 4.5 m/s², and the LC2013 lane-changing model.
To maintain fairness, the Traffic Factor parameter was set to 10 for both regions, ensuring a higher probability of vehicle
initialization at the region boundaries. Each vehicle in our simulation has a dataset of identical size, independent from
the datasets of other vehicles. The dataset is split in a stratified fashion, guaranteeing a uniform class distribution across
different vehicles. The vehicles participating in a federated round are those actively traveling within the region during
that specific time interval. To integrate the mobility simulation into the federated learning training, we generate a file
containing a dictionary with the respective vehicles that are active in the region throughout the whole simulation. This
dictionary is queried during the FL training in order to allow or not a client to participate in a given round.
3.2.4. Dice-Sørensen coefficient

The Dice-Sørensen coefficient measures the similarity between two sets. It is widely used in medical image
segmentation to quantify spatial similarity in images [45]. We apply this metric in the context of federated learning to
assess the similarity between the set of datasets of each round. We can represent the set of datasets for each round as
𝐷𝑅𝑗

for that respective round 𝑗. Figure 1 helps with the visualization.

1 2 3 4 5 6 Rounds

D
R1

D
R2

D
R3

D
R4

D
R5

D
R6

Clients with 
individual datasets

Complete datasets of each round

Figure 1: Set of datasets constituting the complete dataset of each round.

The Dice-Sørensen (DS) coefficient can thus effectively measure the variety between the complete datasets across
different rounds by quantifying the degree of overlap between them as follows:

DS(𝐷𝑅𝑗 ,𝐷𝑅𝑘) =
2|𝐷𝑅𝑗 ∩𝐷𝑅𝑘|

|𝐷𝑅𝑗| + |𝐷𝑅𝑘|
. (3)
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Table 3
Number of training samples per vehicle in each dataset con�guration.

Dataset N° training samples
Cifar datasets 250

GTSRB 133

In federated learning, particularly in vehicular environments, the set of participating clients�and consequently
their datasets�can vary signi�cantly from one training round to the next. This variability a�ects the composition of
the aggregated dataset seen by the global model at each round. The Dice-Sørensen coe�cient provides an interpretable
way to quantify this change by measuring the similarity between the sets of data contributing to model updates over
time. High Dice values between rounds suggest that many of the same clients (and thus similar data) are participating
in consecutive rounds, leading to limited variability in the aggregated data. Conversely, lower Dice values indicate that
the contributing clients�and their data�are changing more substantially across rounds, which can enhance dataset
diversity and mitigate model over�tting to a narrow subset of the population.

This metric is particularly well-suited to our study because we are not interested merely in the number of clients
participating, but in how their presence shifts across rounds. By comparing the aggregated datasetsDR;j andDR;k
of two federated learning rounds, we gain insight into the degree of continuity or novelty in the data presented to
the global model. This perspective is important for evaluating the e�ects of di�erent tra�c patterns, where clients
(vehicles) may enter and leave the area of interest frequently. A region with high vehicle turnover, for instance, will
likely result in lower Dice coe�cients between rounds, which we hypothesize can promote better generalization in the
model by exposing it to a wider variety of data. Thus, using the Dice-Sørensen coe�cient allows us to connect client
participation dynamics directly to the statistical properties of the training data and, ultimately, to the performance of
the learned model.

3.3. Expanded simulations setup
Building on the analysis of tra�c patterns in the regions of Botafogo and Icaraí, we designed a more controlled

experiment leveraging synthetic vehicle distributions. This approach allows us to systematically evaluate the impact
of varying vehicular participation levels on federated learning performance. To strengthen our assumptions, we utilize
four datasets with varying levels of complexity, providing insights into how model performance adapts to di�erent
challenges and data distributions. Additionally, we employ a state-of-the-art model speci�cally designed for embedded
systems, ensuring that our simulations align closely with models suitable for real-world vehicular applications. This
combination of diverse datasets and a practical, e�cient model enriches the relevance and applicability of our �ndings.

3.3.1. Datasets
For the expanded simulations, four datasets with di�erent data complexity levels are considered. TheCIFAR-10

dataset�which is widely used as a benchmark for image classi�cation tasks [32, 43]�contains 60,00032 • 32 pixel
images across ten classes, o�ering greater complexity than MNIST due to its higher resolution and diversity of visual
features. Achieving competitive accuracy with the literature on CIFAR-10 often requires advanced architectures like
ResNets, unlike the simpler CNNs su�cient for MNIST. To increase classi�cation di�culty, theCIFAR-100 dataset
extends CIFAR-10 by dividing the same number of images into 100 classes with two levels of granularity:coarse,
which groups the 100 classes into 20 superclasses, and�ne , which separates all 100 classes individually. This results
in fewer images per class and more challenging tasks. Additionally, theGerman Tra�c Sign Recognition Benchmark
(GTSRB) dataset introduces 39,200 images in 43 tra�c sign classes, such as stop and speed limit signs. While GTSRB
has more classes than CIFAR-10 and CIFAR-100 coarse, it presents a simpler task, as tra�c signs are designed to be
easily distinguishable. This progression from CIFAR-10 to CIFAR-100 and GTSRB enables the evaluation of models
across varying levels of complexity. Table 3 provides the discriminated number of unique samples that each vehicle
carries throughout the simulation.

3.3.2. Embedded systems state-of-the-art model
To extend the analysis, more complex tasks require more advanced neural networks, and thus we focus on the

MobileNetV3, a state-of-the-art architecture for embedded systems. Designed for resource-constrained environments,
MobileNetV3 o�ers an excellent balance of computational e�ciency and performance. While it may not match
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Table 4
Model comparison for image classi�cation on ImageNet-1K [7].

Model Accuracy (%) GFLOPS Parameters (M) Size (MB)
MobileNetV3-Large 75.274 0.22 5.48 21.1
MobileNetV3-Small 67.668 0.06 2.54 9.8
MobileNetV2 [37] 71.878 0.30 3.50 13.6

Resnet 50 [20] 80.858 4.09 25.56 97.8
E�cientNetV2 [38] 85.808 56.08 118.51 454.6

ViT-H/14 [10] 88.552 1016.72 633.47 2416.6

Table 5
Parameters used for MobileNetV3-Large.

Parameters Value
Weights IMAGENET1K V1
Criterion Cross Entropy
Optimizer SGD

Learning Rate (LR) 0.1
LR Scheduler StepLR

the accuracy of some larger models, its design prioritizes practicality in embedded applications. Table 4 compares
MobileNetV3 to other models like ViT, ResNet-50, and E�cientNetV2, showcasing metrics such as accuracy,
computational cost (GFLOPs), parameter count, and model size. For this study, the PyTorch implementation of
MobileNetV3-Large, pre-trained on ImageNet-1K, was used. The model implementation details are summarized in
Table 5. Speci�cally, the optimizer was con�gured with a learning rate of 0.1, momentum of 0.9, and a weight decay
of 0.0001. The learning rate scheduler was set with a step size of 25 and a decay factor (gamma) of 0.3. The model
parameters were chosen according to preliminary experiments of centralized training over the CIFAR-10 dataset. These
parameters yielded the best performance in terms of accuracy and loss, matching the benchmark provided in [18]. With
5.5 million parameters, 0.22 GFLOPs, and a size of 21 MB, the MobileNetV3-Large combines e�ciency with strong
performance. Its lightweight nature makes it ideal for vehicular systems, where models must operate on embedded
devices powered by limited battery resources.

3.4. Hardware setup
The federated learning simulations were conducted using an NVIDIA Tesla V100S-PCIE-32GB GPU environment

with CUDA version 12.2. Two GPUs were available, each with 32 GB of memory. To run the computation in parallel,
we allocated a �xed amount of computational resources per virtual client: 3 CPU cores and 0.1 GPU (i.e., 10% of a
GPU).

4. Simulation and Analysis
Our simulations begin with an initial setup phase in which we generate the synthetic tra�c patterns to be analyzed

and conduct the hyperparameter optimization for the federated learning framework. Further on, we focus on comparing
performance across two regions with distinct tra�c patterns, considering a simple machine learning task. Following
this, we explore the e�ects of more extreme tra�c scenarios, represented by synthetic distributions, to assess their
in�uence on complex tasks with a state-of-the-art model for embedded systems.

4.0.1. Synthetic Tra�c Patterns
To better isolate and evaluate the impact of tra�c dynamics on federated learning, we introduce synthetic tra�c

patterns that simulate di�erent levels of vehicle availability over time. Although these patterns are generated in
advance, they are constructed to re�ect varying degrees of vehicle permanence in a region, thereby introducing dynamic
participation variability into the training process. This design choice allows us to systematically assess how di�erent
tra�c scenarios a�ect convergence, model performance, and communication e�ciency.
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For the synthetic tra�c patterns, the maximum number of rounds a vehicle can participate in is the total number
of rounds from the whole simulation, 40 rounds. The goal of observing distributions with such a range is to evaluate
extreme scenarios, since in our case 40 rounds would sum up to approximately three hours of vehicle permanence
in a given region. The distributions generated assign the number of rounds each vehicle participates in the federated
training.

Regarding the shape of the distributions, three scenarios were generated. The �rst scenario simulates a region with
light tra�c, with most vehicles staying for a brief period of time within that region. The second scenario considers
moderate tra�c of vehicles, with a tra�c pattern that approximates the ones observed in the simulations of Botafogo
and Icaraí. The third scenario is a heavy-tra�c region, with most of the vehicles staying for an extended period of time.
The details are described next.

ˆ̂ˆ̂ Brief � As shown in Figure 2(a), this distribution simulateslight tra�c conditions, where vehicles pass quickly
through the region and have very limited time to participate in training. The participation frequency follows an
exponentially decaying distribution(scale = 10), resulting in most vehicles contributing to only one round of
federated learning.

ˆ Moderate � Illustrated in Figure 2(b), this scenario re�ectsmoderate tra�c �ow , resembling the patterns
observed in theBotafogo and Icaraímobility simulations. Vehicle participation is modeled with aGaussian
distributioncentered around 20 rounds (mean = 20, standard deviation = 8), meaning that most vehicles remain
in the region long enough to contribute to a moderate number of training rounds.

ˆ Extended � Depicted in Figure 2(c), this distribution corresponds toheavy tra�c conditions, where vehicles
remain in the region for extended periods�up to the full simulation time of three hours. Participation frequencies
follow a growing exponential distribution(scale = 10), leading to high engagement, with most vehicles taking
part in many or all training rounds.

The synthetic distributions simulate diverse tra�c scenarios, each producing distinct vehicle participation patterns
for federated training. Paired with a range of datasets for image classi�cation, this approach enables a comprehensive
and controlled analysis of how tra�c behaviors in�uence federated learning outcomes.

4.0.2. Client Optimization
Hyperparameter optimization (HPO) is one of the foundations of traditional machine learning pipelines [3].

However, when it comes to federated learning, this process is often overlooked. Most research in federated learning does
not consider the optimization of hyperparameters in the federated setting, which raises the question of comparability
between the centralized model performance, often used as a baseline, and the federated results. Since the optimal
hyperparameters depend on speci�c conditions, such as dataset size and data distribution [3], it is neither logical nor
e�ective to apply those hyperparameters from centralized training to a federated setup. Training conditions are much
di�erent for federated clients since they work on a small portion of a dataset and for limited epochs, when considering
the simulations in literature.

Although HPO is rarely addressed in the context of federated learning, this challenge is taken up by a couple of
works. In [34], three optimizers are proposed that adapt client learning rates online and with improved convergence.
Similarly, [44] focuses on HPO in federated systems, though its emphasis is on tabular data and non-neural network
models, such as decision trees.

4.0.3. Batches
The �rst hyperparameter optimized in this work is the batch size, which demonstrates the importance of federated

learning HPO. Using CIFAR-10 as an example, the optimal batch size was found to be 128 for centralized training,
which yields 93.2% accuracy. To clarify, this means that the model processes 128 images per time out of the 50,000 total
images on the complete dataset, resulting in 50,000/128 epochs, and thus the weights of the neural network (NN) will
be updated 391 times. In the federated learning setup with 200 clients, each client receives 50,000/200 images. Using
the 128 batch size would limit each client to just two neural network updates during the whole training, signi�cantly
impacting the way in which the model learns the local images. In an attempt to address this, centralized training was
performed with a dataset partition of the size of a single federated client to examine the in�uence of batch size. In this
work, CIFAR-10 showed a batch size of 32 as optimal among the sizes tested and had an accuracy increase of 10%
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(a) Brief stay. (b) Moderate stay.

(c) Extended stay.

Figure 2: Vehicle distributions for a maximum of 40 rounds.

Table 6
Batch sizes according to the optimization over each dataset.

Dataset Batch Size
CIFAR-10 32

CIFAR-100 coarse 32
CIFAR-100 �ne 32

GTSRB 16

compared to batch size 16. In CIFAR-100 Coarse and Fine, there was also a similar behavior, with 32 being the best
batch size in terms of �nal accuracy. In GTSRB, however, the best performance was achieved using the batch size of
16.

Finally, the selected batch sizes can be seen in Table 6. These results con�rm that the optimal batch size depends
on the speci�c dataset�or data partition in the federated learning case�and directly in�uences training e�ciency in
a federated environment.

4.0.4. Local Epochs
The number of local epochs that each client is trained for in federated learning impacts the training dynamics

and model performance signi�cantly. While DNNs provide the capacity to model complex data, their large parameter
space necessarily demands careful optimization to balance computation cost and model performance [16]. Taking
CIFAR-10, for example, experiments made with a batch size of 32 and 30 epochs show that models indeed learn the
local datasets e�ectively and converge at a reduced standard deviation across runs. Although over�tting was observed,
this gets mitigated in federated learning since the averaging of weights across clients takes place to ensure that the
global model captures the aggregated trends of the data. A similar behavior is observed for the other three datasets,
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where increasing the number of classes in the CIFAR-100 coarse and CIFAR-100 �ne datasets results in a signi�cant
decay in the validation accuracy. However, the training accuracy remains at 100%, demonstrating the model's capacity
of learning on local datasets, even if they are not representative of the complete distribution. The primary concern
is to avoid under�tting, where the local models fail to learn any local data characteristics and, in turn, a�ect global
performance. In all datasets, 30 epochs seemed to provide a balance between computational e�ciency and su�cient
training time, taking into consideration realistic vehicular tra�c patterns and durations in the simulation. Therefore,
the number of local epochs that each vehicle conducts of training before the aggregation phase is 30.

4.1. Preliminary Results
Firstly, we evaluate the node availability behavior in the considered regions. Figure 3 plots the number of vehicles

participating in the FL rounds. Both regions start the simulation with a similar number of vehicles. Nevertheless, as
the simulation progresses, Botafogo begins to show higher vehicle counts, suggesting that vehicles in this region take
longer to complete their routes. This observation is reinforced if we compare the average trip duration in both regions,
which is 246 s for Botafogo and 197 s for Icaraí.

Figure 3: Number of vehicles participating in each training round for Botafogo and Icaraí.

Figure 4: Accuracy obtained at each training round for Botafogo and Icaraí.

G. Fittipaldi et al.: Preprint submitted to Elsevier Page 11 of 26



From a traditional ML perspective, a larger dataset typically improves model performance [19]. In this sense,
the region of Botafogo should intuitively yield a better model performance in federated learning training, since the
region shows a higher number of vehicles throughout the simulation and thus more data. Nonetheless, the model
accuracy plotted in Figure 4 shows a counterintuitive result. Botafogo exhibits a worse accuracy curve, despite the
higher data volume. The di�erence is more relevant in the �rst half of the simulation, showing that Icaraí provides
faster convergence. Based on this result, we formulate the hypothesis: Each client contributes equally to compose a
representative dataset (in sample) when compared with the real data distribution (out of sample). A region that observes
a larger average vehicle stay can produce bias towards the contribution of persistent vehicles, thereby reducing the
model's performance.

Figure 5: Frequency of vehicle participation per training round.

In addition to the average trip duration and the volume of vehicles in each round, we can directly infer the frequency
of vehicle participation throughout the simulation in Figure 5. The frequency of vehicle participation is the number
of FL rounds that a vehicle has taken part in. We normalize this frequency by the maximum frequency among all the
vehicles in each region.

The green curve, representing the Icaraí region, is centered towards 5-6 rounds, which means that most of the
vehicles contributed over 5-6 rounds of federated learning training. The green curve also shows a signi�cant decay
for values above 8 rounds. The blue curve, representing the region of Botafogo, is centered towards the values of
7-8 rounds, which already translates into more frequent vehicles. In addition to that, the blue curve also presents a
signi�cant spread towards higher values, assuming more than double the vehicles that participate in 9 and 10 rounds,
when compared with Icaraí.

To validate our hypothesis, we then calculate the Dice-Sørensen coe�cient between the datasetsDRj , inferring the
degree of variability in the datasets throughout then federated rounds of simulation. The coe�cient can be calculated
using Equation 3. This analysis results in a DS matrix for each region, represented in Figures 6(a) and 6(b). In this
matrix, a higher coe�cient value indicates a greater similarity between the datasets of di�erent rounds. This explains
why the main diagonal shows the maximum values, as it compares each round's total dataset with itself. Interpreting
the matrix, the region of Botafogo has higher values of DS coe�cient as well as a higher dispersion from the main
diagonal. The Icaraí matrix shows both a lower dispersion from the main diagonal as well as lower DS coe�cients.
Initially, when observing Figures 6(a) and 6(b) the di�erence is subtle. Nevertheless, in the following more controlled
experiments, this subtle di�erence becomes more evident, showing that a higher rate of vehicles permanence results
in a higher similarity between rounds' datasets. This can degrade the model, potentially due to a bias towards the most
frequent vehicles.

To better investigate whether the extended presence of vehicles in training rounds impacts the model performance,
we perform a controlled experiment for the Botafogo region. A maximum participation threshold is set sequentially
across rounds. This implies that if a vehicle has participated in training up to the maximum threshold, its involvement
in subsequent rounds is disregarded, and its neural network weights are not aggregated into the global model. We
evaluate two values of maximum participation rate and compare the results in Figure 7. The plot demonstrates that
lowering the participation threshold improves performance, with the limit set at 3 rounds outperforming the thresholds
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of 4 rounds and the original vehicle pooling strategy. The curves constrained by the round participation limit exhibit
improved convergence towards the same �nal accuracy.

(a) Botafogo. (b) Icaraí. (c) Botafogo with 3 rounds limit.

Figure 6: DS matrix for the di�erent regions.

Figure 7: Performance comparison with maximum participation threshold.

We can then compute the DS coe�cient matrix for the 3-limit curve in Figure 6(c) and compare the degree of
similarity with the original Botafogo matrix. A clear di�erence can be observed between Figures 6(c) and 6(a). For
the 3-limit matrix, we see a drastic reduction in the main diagonal dispersion, as the similarity of datasets between
rounds is reduced. This means that the model receives less in�uence from the same vehicles across the rounds, and
consequently the weight vectors are less biased towards those vehicles datasets. This shows that vehicles that stay
longer in a region, participating in an excessive number of FL rounds, negatively impact the model's performance.

Figure 9 shows the vehicle distribution with the imposed limit. Despite achieving better performance compared to
the original Botafogo setup, implementing a 3-round limit also results in a 47% reduction in the average number of
vehicles required for training, as observed in the distribution of vehicles in Figure 9.

Reducing the number of vehicles in training not only implies less clients to motivate to participate in training, but
also reduces the communication costs associated. The cost is calculated as the size of one parameter, which is 4 bytes
since our model uses �oating-point 32 precision, times the number of model parameters (2.5M), times 2 to account for
the downlink and uplink communication. In Figure 8 we present the communication cost associated with training in
each case. The cost is illustrated in thex-axis, in Gigabytes, for the original Botafogo setup and the respective round
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reductions, under various predictions accuracies. Speci�cally, the 3-round limit results in a cost reduction of 54,7%,
54,9% and 55,7%, according to each accuracy threshold.

Figure 8: Accumulated communication cost for di�erent accuracies.

Figure 9: Number of vehicles participating in each training round for Botafogo with the original distribution and the three
and four rounds limit distributions.

The performance increase over the original Botafogo setup, combined with the reduction of the average dataset
size across the rounds, validates our hypothesis that a higher rate of vehicles permanence can produce bias towards
the frequent vehicles' contribution, thereby reducing model performance. This bias can be explained by the federated
learning aggregation process. The traditional federated learning aggregation strategy,FedAvg[28], generates a global
model in every round by applying an average between the neural networks weights. When vehicles start participating
in a large amount of rounds, the average weight vectors tend to point towards the weights of those frequent vehicles,
creating the bias. The impact on performance is explained by classical concepts in machine learning [4], which assert
that a model biased towards the training data tends to have a reduced generalization capacity. This bias can lead to
a loss in performance proportional to the di�erence between the error observed in the training sample and the error
expected on new, unseen data.

4.2. Diverse Tra�c Patterns Analysis with a state-of-the- art neural network model
Expanding on the evaluation of tra�c patterns in the Botafogo and Icaraí regions, we shift our focus to include

a broader set of patterns applied to more diverse datasets. This section focuses on training a state-of-the-art model
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optimized for embedded devices, aiming to evaluate the e�ects of extreme vehicle distribution scenarios. Our goal is
to understand the potential outcomes of these scenarios while leveraging a high-performance neural network to handle
datasets of varying complexity.

In the new experiments, the variation in participation frequencies across the Brief, Moderate, and Extended
scenarios leads to signi�cant di�erences in the number of vehicles involved in training during each round. The number
of vehicles for these experiments is shown in Figure 10. A clear reduction in vehicle counts is observed when comparing
the Brief scenario, represented by the yellow bars, to the Moderate and Extended scenarios, represented by the blue
and brown bars, respectively. This outcome aligns with the inverse relationship between participation frequency and
the occurrence of overlapping vehicles across rounds, where lower participation frequency naturally results in fewer
vehicles per round.

Figure 10: Number of vehicles participating in each training round for di�erent scenarios with maximum individual
participation of 40 rounds.

In Figure 13 we can analyze aspects in terms of complexity of the datasets and in�uence from the di�erent tra�c
patterns when subjected to a state-of-the-art model. The simulations validate our previous assumption that the CIFAR
datasets are increasingly more complex when going from CIFAR-10 up to CIFAR-100 �ne. While for the CIFAR-
10 dataset, the Extended distribution yields the best accuracy of 85.02%, for the CIFAR-100 �ne, the maximum
accuracy reached is 52.8%. It is interesting to notice that with varying vehicle participation, not only the global model
performance decays in its absolute value, but also the training noise is increased when enhancing the complexity of
the task, which is clear when comparing the curves 13(a) and 13(c). Across all 4 datasets, the deep neural network
model is able to handle in a comparable manner all three synthetic tra�c patterns generated. This result is interesting
if we recall Figure 10, which shows that the Brief distribution observes approximately 60% less vehicles training when
compared to the Extended distribution. In other words, if we maintain a higher vehicle variability while using a state-
of-the-art model, we are capable of reducing the number of vehicles involved in training while achieving comparable
performance.

Some other observations can be made regarding the speci�cs of each dataset experiment. For the CIFAR-100 coarse
dataset, illustrated in Figure 13(b), we observe an over�tting behavior as training progresses across all distributions. The
maximum performance for all three distributions is observed at round 7. Beyond that, not only is the accuracy observed
to decrease, but the noisy behavior also seems to become signi�cantly more pronounced. The CIFAR-100 �ne dataset
in Figure 13(c) exhibits the highest level of training noise among all experiments, which is expected given the increased
complexity of classifying a larger number of classes. Assuming that every vehicle has an identical storage capacity
across all experiments and datasets, this implies that each client retains fewer samples per class. As a result, the local
datasets become more narrowly focused, representing speci�c partitions of the overall data distribution. Consequently,
each local training phase is more biased towards that speci�c partition of the data distribution, causing more abrupt
changes in the neural network weight at each training step.

Although the GTSRB dataset includes many classes, with vehicles holding only �ve samples per class, its
complexity is lower than that of CIFAR-10, which has just 10 classes. This is because tra�c signs are intentionally
designed to be easily distinguishable, featuring distinctive visual traits like contrasting colors or shapes for quick
recognition. As a result, the model performs exceptionally well across all distributions on the GTSRB dataset, as
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Experiment CIFAR-10 CIFAR-100 Coarse CIFAR-100 Fine GTSRB
Brief 84.74% 64.52% 52.80% 96.01%
Moderate 84.46% 64.46% 52.64% 95.98%
Extended 85.02% 64.24% 50.48% 95.66%
Centralized 93.40% 81.00% 73.80% 95.20%

Table 7
Top accuracy achieved for di�erent synthetic distributions and the centralized setup across datasets.

shown in Figure 13(d). The classi�cation simplicity of the GTSRB task is further highlighted by the federated setup
achieving a peak accuracy of 96.32%, surpassing the centralized setup's accuracy of 95.2%. This outcome is surprising,
as centralized performance typically serves as the upper bound for federated learning accuracy.

Figure 11 shows the total communication costs for the model to reach its top accuracy on each dataset. Across
all datasets, theBrief distribution consistently outperforms the other two. Interestingly, training on theCifar-100
Coarsedataset incurs thelowest communication cost, whileGTSRBresults in thehighest, which appears counter-
intuitive. This is because, although GTSRB is an easier task for the model and Cifar-100 Coarse one of the hardest, the
model quickly reached peak performance on Cifar-100 Coarse in early rounds and then experienced a decline due to
over�tting, as discussed earlier. In contrast, performance on GTSRB continued to improve steadily with more training
rounds.

To better understand this discrepancy, Figure 12 presents the wasted communication cost�that is, the portion of
training that did not contribute to improved model performance. This �gure reveals that GTSRB had the lowest amount
of wasted communication, while Cifar-100 Coarse had the highest, with nearly 100 GB of communication cost yielding
no performance gain. Additionally, this graph emphasizes the bene�ts of deploying a federated learning model in a
region with a Brief tra�c pattern, which can save up to 83.54 GB in communication costs compared to an Extended
distribution.

Figure 11: Accumulated communication cost for each distribution across datasets.

For benchmarking purposes, Table 7 depicts the top accuracy of each experiment, as well as the centralized
performance, all using the MobileNetV3.

4.2.1. Assessing bias
An imbalance in vehicle participation can introduce bias towards frequently participating vehicles. While pre-

liminary results with a simple CNN revealed such bias, experiments with a state-of-the-art model showed di�ering
outcomes. This section aims to determine whether bias persists in federated learning with varying client frequencies
while using a state-of-the-art model for embedded systems. To assess this, we evaluate the global model's performance
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Figure 12: Wasted communication cost for each distribution across datasets.

(a) CIFAR-10. (b) CIFAR-100 coarse.

(c) CIFAR-100 �ne. (d) GTSRB.

Figure 13: Accuracy comparison for di�erent datasets and distributions with a maximum participation of 40 rounds.

on training data from two groups: vehicles with the least and most participation rounds during training. By comparing
accuracy between these groups, we aim to determine whether clients that participate in the least amount of rounds
experience lower performance due to the global model being less exposed to their local datasets.
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(a) CIFAR-10. (b) CIFAR-100 coarse.

(c) CIFAR-100 �ne. (d) GTSRB.

Figure 14: Accuracy of the global model on the local datasets from clients that participated in the minimum and maximum
number of federated rounds.

The �gures present, for each dataset, boxplots depicting the individual accuracy values for vehicles in each
participation group. "Min-Brief" corresponds to the ten vehicles with the least participation in training under the Brief
distribution, while "Max-Brief" represents the ten vehicles with the highest participation in the same simulation. This
naming convention is consistently applied across the Moderate and Extended distributions.

In datasets other than GTSRB, a discernible trend indicates higher accuracy for vehicles with maximum par-
ticipation. This is evident in Figure 14(a) for the CIFAR-10 dataset, where di�erences in median, �rst, and third
percentile values between the "Min" and "Max" cases are observed across all distributions. Similar patterns are seen
in Figure 14(b) for the CIFAR-100 coarse dataset and Figure 14(c) for the CIFAR-100 �ne dataset. To support this
analysis, Table 8 presents the median accuracy values from the box plots, while Table 9 provides accuracy at the Q1
(25th percentile) and Q3 (75th percentile), with the highest values emphasized in bold.

The presence of this trend indicates that the global model is more adapted, or in other words, biased to the local
datasets of the vehicles that are more frequent in training. The most pronounced bias is observed in the CIFAR-100 �ne
dataset under the Brief scenario, with a gap of approximately 11.1% in median accuracy, as detailed in Table 8. This
�nding aligns with our earlier assumption that more complex datasets amplify the impact of each vehicle's contribution,
thereby intensifying the bias caused by imbalanced vehicle participation. For the GTSRB experiment, we have seen
that the model is capable of handling the data complexity as if the training was conducted in a centralized fashion.
Because of that, di�erences in client participation for the federated learning setup do not in�uence the performance
overall.
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Table 8
Median for the accuracy over the training set of the minimum and maximum participating vehicles across all datasets.

Datasets Distributions Median (min) Median (max)
CIFAR-10 Brief 84.6% 87.5%
CIFAR-10 Moderated 84.4% 85.3%
CIFAR-10 Extended 84.8% 86%

CIFAR-100 coarse Brief 65.1% 70%
CIFAR-100 coarse Moderated 64.4% 65.1%
CIFAR-100 coarse Extended 61.7% 66.4%
CIFAR-100 �ne Brief 51.5% 62.6%
CIFAR-100 �ne Moderated 50.6% 57.5%
CIFAR-100 �ne Extended 46.8% 54.1%

GTSRB Brief 97.9% 99.1%
GTSRB Moderated 97.0% 97.5%
GTSRB Extended 97.9% 97.5%

Table 9
Q1 (25th percentile) and Q3 (75th percentile) for the accuracy over the training set of the minimum and maximum
participating vehicles across all datasets.

Datasets Distributions Q1 (min) Q1 (max) Q3 (min) Q3 (max)
CIFAR-10 Brief 84.4% 87.2% 85.7% 88.3%
CIFAR-10 Moderated 83.6% 85.0% 84.7% 87%
CIFAR-10 Extended 82.8% 85% 85.5% 87.8%

CIFAR-100 coarse Brief 64.4% 68.7% 66.4% 71.1%
CIFAR-100 coarse Moderated 64.0% 64.5% 65.8% 68%
CIFAR-100 coarse Extended 60.8% 65.0% 63.4% 69%
CIFAR-100 �ne Brief 49.0% 60.9% 54.5% 66.8%
CIFAR-100 �ne Moderated 49.7% 55.3% 53.1% 59.4%
CIFAR-100 �ne Extended 46.2% 51.8% 48.7% 56.1%

GTSRB Brief 96.8% 97.7% 98.3% 99.1%
GTSRB Moderated 96.0% 97.5% 98.1% 98.9%
GTSRB Extended 98.8% 96.8% 99.1% 98.3%

4.3. Impact over Non-IID Data Distributions
To further explore the e�ects of tra�c patterns on federated learning, we extend our analysis to scenarios where

the data distribution across clients is non-identically and independently distributed (non-iid). This setting more closely
re�ects real-world deployments, where each vehicle is likely to collect data from its unique driving context, potentially
leading to both class imbalance and unequal dataset sizes.

We simulate non-iid data by partitioning the dataset using aDirichlet distributionwith two di�erent concentration
parameters:� = 5:0 and� = 0:5. The� = 5:0 con�guration introduces mild heterogeneity, while� = 0:5 results in
a highly skewed distribution, where clients receive samples from only a few classes, and the number of samples per
client varies signi�cantly. For comparison, we also include the iid case used in the previous sections.

Figure 15 shows the data distribution among clients for the three con�gurations: iid, Dirichlet� = 5:0, and Dirichlet
� = 0:5. These visualizations help illustrate the increasing levels of heterogeneity in both class distribution and
dataset size. To isolate the e�ects of data heterogeneity, we conduct these experiments exclusively on the CIFAR-
10 dataset. CIFAR-10 serves as a standard benchmark for image classi�cation tasks and o�ers a balanced level of
complexity suitable for evaluating federated learning behavior. In contrast, CIFAR-100 (coarse and �ne) shares the
same image set but rearranged into more granular class structures, which would introduce confounding factors related
to task di�culty. Additionally, the GTSRB dataset was found to be too simple for the chosen model, yielding limited
insight in the context of non-iid evaluation. To further focus our analysis, we consider only the Brief and Extended
tra�c distributions�representing the two extremes in client participation frequency. Since our earlier results showed
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minimal accuracy di�erences across tra�c scenarios under iid conditions, this selection allows us to assess whether the
combination of non-iid data and varying client participation introduces new performance variations during training.

(a) I.I.D.

(b) Dirichlet � = 5:0

(c) Dirichlet � = 0:5

Figure 15: Client data distributions under di�erent partitioning schemes.

Due to the additional challenge introduced by heterogeneous data and client availability, we also explore a more
robust aggregation strategy proposed by [33],FedOpt. Unlike FedAvg, which applies simple averaging, FedOpt
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introduces an adaptive optimization layer on the server that can better handle discrepancies in local updates�making
it a more suitable candidate for FL scenarios involving highly variable client behavior and data distributions. In
our experiments, we speci�cally implement theFedYogi variant of FedOpt, which builds on the Yogi optimizer to
adaptively adjust learning rates and stabilize training under non-iid conditions.

Figures 16 and 17 compare the training performance of FedAvg and FedYogi, respectively, across di�erent tra�c
distributions (Brief, Moderate, and Extended) and Dirichlet� values. Each curve represents a unique combination of
tra�c scenario and data heterogeneity level.

Figure 16: Performance of FedAvg across non-iid data settings and tra�c distributions.

Figure 17: Performance of FedYogi across non-iid data settings and tra�c distributions.

FedAvg Results.Figure 16 presents the performance of FedAvg under di�erent tra�c patterns and levels of
data heterogeneity. With a Dirichlet distribution parameter of� = 5:0, both theBrief and Extended scenarios
achieve comparable top-1 accuracies�83.07% and 81.07%, respectively. Although these values are relatively close
to each other, they remain consistently lower than those observed under iid conditions (84.74% for Brief and 85.02%
for Extended). Moreover, both con�gurations exhibit signs of over�tting in the later training rounds (particularly
between rounds 20 and 40), as accuracy declines despite ongoing training. This over�tting behavior contributes to
increasedwasted communication cost, as additional communication and computation yield negative returns in model
performance.
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When the degree of heterogeneity is increased�using a Dirichlet distribution with� = 0:5�the impact on
model performance becomes more pronounced. In this highly skewed setting, theBrief distribution su�ers the most,
reaching a reduced top-1 accuracy of 74.64% and exhibiting considerable instability in the training process, with high
variance and noise in the accuracy curve. The over�tting e�ect observed earlier becomes even more severe under
this con�guration. In contrast, theExtended distribution demonstrates greater robustness, achieving a higher top-1
accuracy of 77.64% and maintaining more stable convergence during the initial rounds. Nevertheless, even this more
stable scenario su�ers from over�tting, with performance degrading in the �nal rounds of training.

Taken together, these results underscore an important trade-o� in the design of federated learning deployments.
On the one hand, tra�c scenarios with higher client variability�such as the Brief distribution�can improve
communication e�ciency by increasing data diversity across rounds, particularly when the underlying data distribution
is close to iid or only moderately non-iid. On the other hand, when client data becomes highly skewed, as in the
� = 0:5case, this variability introduces instability that can hinder model generalization and lead to poorer performance.
In such cases, tra�c patterns with more persistent client participation�such as the Extended scenario�can help
stabilize training and mitigate the negative e�ects of extreme data heterogeneity. These �ndings suggest that selecting
a deployment region for federated learning should consider both the expected client data distribution and the local
tra�c behavior, as their interaction plays a critical role in overall system performance.

FedYogi Results.Figure 17 shows the performance of FedYogi, a variant of FedOpt designed to handle client and
data heterogeneity through adaptive learning rate adjustment. Compared to FedAvg, FedYogi exhibits a distinct training
dynamic: although convergence is noticeably slower, the learning process is highly stable, with smooth and consistent
accuracy gains throughout all 40 training rounds. Notably, there is no sign of over�tting, even in the later stages of
training�contrasting with the behavior observed in FedAvg under similar conditions.

For theBrief tra�c distribution, the � = 5:0 setting achieved a top-1 accuracy of 72.28%, outperforming the more
heterogeneous� = 0:5 con�guration, which reached 63.02%. Similarly, in theExtendedtra�c scenario, the� = 5:0
con�guration yielded a top-1 accuracy of 72.19%, closely matching the Brief case. Interestingly, while the Extended
scenario starts o� slightly stronger than Brief�showing better accuracy around round 20�the �nal accuracy values
for both tra�c patterns converge to nearly the same level.

Under the more extreme heterogeneity of� = 0:5, however, the Extended distribution shows a superior
performance, reaching a top-1 accuracy of 67.27% compared to 63.02% in the Brief case. This result suggests that
longer client participation, as enabled by the Extended distribution, can help o�set the instability caused by highly
skewed data partitions. The extended presence allows for more consistent updates from individual clients, which may
better align local model trajectories with the global objective over time.

These �ndings highlight a trade-o�: while FedYogi improves stability across all con�gurations, the bene�ts of
extended client participation become more apparent as data heterogeneity increases. The slower convergence rate
observed in FedYogi is characteristic of adaptive optimizers like Yogi, which apply conservative updates early
on to stabilize training under noisy and heterogeneous gradients. This behavior, while delaying peak accuracy,
enhances reliability and prevents premature over�tting�particularly valuable in federated settings with dynamic client
participation.

Overall, these results suggest that in scenarios with high variability and non-iid data, FedYogi o�ers a more robust
alternative to FedAvg by favoring long-term stability over short-term gains, and that tra�c patterns with longer client
presence may help further mitigate the e�ects of extreme heterogeneity.

5. Conclusion and Future Work
In this work, we analyzed the vehicular federated learning behavior when subjected to di�erent mobility tra�c

patterns. First, we have simulated two realistic federated learning scenarios considering the mobility patterns of two
distinct regions. The regions selection was conducted based on a proposed criteria that compares tra�c complexity
between regions. We then evaluated the impact of vehicle permanence in the regions regarding the similarity between
the total datasets across the rounds, using theDice-Sørensen(DS) coe�cient. Surprisingly, lower performance was
observed for the scenario with a higher vehicular count. By analyzing this scenario's data variability across training,
we observed a higher dispersion on the main diagonal of the DS matrix. We have then formulated the hypothesis that
this degradation was due to the presence of bias in the model towards the vehicles with an excessive prevalence in
training rounds, which a�ected the model's generalization capabilities.
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The hypothesis was then tested by setting a limit to the maximum rounds a vehicle could participate in the federated
learning. That drastically reduced the dispersion in the DS matrix and increased accuracy performance, while observing
a signi�cant 47% reduction in the number of participating vehicles across the rounds, con�rming our hypothesis.

To expand our �ndings, we then conducted simulations over more distinct cases of tra�c patterns while considering
a state-of-the-art model for embedded systems and four image classi�cation datasets with di�erent levels of complexity.
For the expanded simulations, bias was observed across all CIFAR datasets and distributions, which validates that
frequent vehicles do generate bias in the global model towards their own local data. However, a state-of-the-art model
is capable of countering this issue in terms of accuracy since its architecture leverages better the available data. The
GTSRB dataset showed minimal performance impact in all scenarios, with federated learning often outperforming
centralized training. This high performance is expected, as GTSRB classes (tra�c signs) are designed to be easily
distinguishable, simplifying the model's feature extraction and class separation.

An important consideration when comparing federated learning methods is how to assess fairness in performance
evaluations. Federated learning introduces additional hyperparameters compared to traditional machine learning, such
as batch size and the number of local epochs per round, which can signi�cantly impact performance. However, many
studies do not optimize these parameters, which limits the analysis and comparability of results, and even in some cases,
these parameter values are not speci�ed, making it di�cult to reproduce results. Therefore, it is important for federated
learning studies to clearly specify the number of local epochs, client hyperparameters, ensuring a fair optimization of
the federated learning setup in comparison with other works or even with the centralized approach.

Tra�c patterns play a signi�cant role in the deployment of vehicular federated learning solutions, yet research in
this area remains limited. This work o�ers initial analyses, debating the impact of tra�c patterns for classi�cation tasks
and emphasizing the importance of exploring this topic in a thorough way.

Future studies should explore a broader range of machine learning tasks, as bias behavior may vary depending
on data distribution and the speci�c task. Real-world vehicular applications, such as object detection and image
segmentation, should be considered in the analysis of federated learning, while incorporating tra�c patterns. This
extension would provide valuable insights regarding the impact of the mobility over the system while reducing the gap
between research and deploy. However, several challenges would need to be addressed. First, the dataset size is crucial,
as tra�c pattern analysis often requires a large number of clients, necessitating datasets with enough data per client
for e�ective learning. Additionally, the context in vehicular networks, in terms of the time of day and the geographical
location, should be considered for the deploy of federated learning schemes, since di�erent contexts might require
di�erent models. For example, the behavior of vehicles might change during the late night period, when compared
to rush hours. The same can be expected when observing tra�c between two di�erent cities, in di�erent countries.
The idea is that federated learning could o�er the ability to train global models tailored for these speci�c scenarios,
similarly to a transfer learning approach. However, the de�nition of context in vehicular networks remains an area to
explore. How to precisely de�ne if a given geographical region should bene�t from the same global model or if the
region should be segmented into smaller regions, each with its speci�c model, it is still an open challenge. Lastly, for
e�ective vehicular federated learning deployment, we need a better understanding of the mobility of the nodes across
the city. Tracking the participating clients and understanding their dynamic availability patterns, rather than relying
on simulators or synthetic distributions, o�ers a more realistic analysis for developing not only vehicular federated
learning solutions but also any user-based mobile system.
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