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Abstract—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 km? with road speeds and 1,290 vehicles per hour, based
on real data. We observe a performance decay in urban areas
with longer vehicle permanence. Interestingly, longer vehicle
participation in FL training leads to a biased model, with reduced
generalization. We then improve our investigation based on the
Dice-Sgrensen coefficient to enhance vehicle variability over time.
With 47% fewer vehicles per round, we achieve faster learning,
higher convergence in the first 15 rounds, and equivalent final
accuracy of 93%.

I. INTRODUCTION

The rise of software-based vehicular technologies culminat-
ing in software-defined vehicles (SDVs) has made Al essential
for applications such as resource management, maintenance
prediction, driver assistance, and autonomous driving. Al’s
growth potential is significant [1], with major corporations
adopting it and governments enacting supportive regula-
tions [2]. Modern vehicles generate vast amounts of data that
can enhance Al models but also raise privacy concerns [3].
To address this, Google proposed the federated learning
framework [4].

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 [5]. 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.

The dynamic nature of vehicular networks poses a challenge
due to the constant movement of nodes, which may frequently
enter and leave the network [6]. This variability is influenced
by factors such as road topology, speed limits, and queue
factors. Distributed systems reliant on wireless communica-
tions, such as 5G, depend on the availability of nodes within
a coverage area. Here the coverage translates 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 local datasets
and, consequently, the global model. Therefore, to evaluate
the performance of vehicular federated learning systems real-
istically, it is essential to account for the dynamic availability
of vehicles resulted from their high mobility patterns.

This paper discuss the impact of node availability in a
federated learning framework over a large scale realistic
vehicular network scenario. The goal is to understand how
traffic patterns in a region of interest affects the performance
in federated learning. The experiment is conducted over two
different urban areas one in the city of Rio and the other in
the city of Niterdi. To assess fairness, the areas are selected
based on criteria of size, spatial metrics and city location. A
mobility simulation is done based on the real vehicular flow in
Rio, collected and provided by the city hall [7]. This mobility
simulation is attached to the federated learning task, in which
every client is a unique vehicle, with a unique dataset, and
the results are evaluated.

We first observe a difference in performance between the
regions. Comparing the accuracy curves, vehicles density and
vehicles variability across the federated learning rounds in
both areas, we observe a difference in performance. To explain
this difference, a hypothesis is formulated that states that
regions with a longer vehicle stay can potentially generate
bias in the model towards the most frequent vehicles. To
understand the impact of vehicle stay, for each region, we
apply the Dice-Sgrensen (DS) coefficient to asses the degree
of similarity between the total datasets in the federated learn-
ing rounds.

The hypothesis was then tested. Based on the DS coeffi-
cient analysis we propose limiting the maximum participation
rounds of vehicles during training. The proposal drastically
reduced the degree of similarity between the total datasets
across the rounds, while presenting an increase in perfor-
mance, despite accounting for a 47% reduction in the density
of vehicles participating in the training.

The paper is organized as follows. Section II discusses re-
lated work on vehicular federated learning. Section III details
the methodology, including criteria for region selection, the
federated learning setup, and the concepts used to understand
the impact of vehicular traffic on the learning process. Sec-
tion IV presents the results, analyzing the accuracy obtained
in the different regions and proposing an improvement to the
FL training procedure. Section V concludes the paper and
discusses future work.



II. RELATED WORK

Compelling work analyzing the process of vehicular feder-
ated learning has been developed, with two main focus: client
availability and vehicular mobility.

Mobility is one of the main aspects to account when de-
veloping vehicular systems. In [8] 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 [9] an
aggregation approach is proposed and federated learning is
evaluated in the vehicular context. However, the work ac-
counts for uniform mobility, that does not impact the node
availability throughout the training. The paper [10] 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 [11]-[13]. Nevertheless, these works
are deeply focused in modeling vehicles velocity, accounting
for simpler road topology, and do not cover the aspects of
complex traffic patterns observed in urban areas.

There is more limited research regarding client availability
in federated learning. In [14] a convergence analysis is con-
ducted 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 [15] 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 0.2,
home-devices and smartphones have independent availability
patterns based on log-normal distributions and sine-modulated
functions, respectively, and uneven availability scales in-
versely 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.

There is a gap in the literature regarding the analysis of
the dynamic behavior of vehicular networks in a federated
learning context. We address this by considering mobility and
client availability in urban regions. We assess the influence of
traffic patterns and the time of vehicle stay in different regions
of a real metropolis.

III. METHODOLOGY

In this section, we explain the mobility simulation charac-
teristics and then how the federated learning is modeled based
on this mobility.

A. 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 3.7km?, assuming the centralized

server has the same limited coverage area. Secondly, the
regions are situated in central parts of the city of Rio and
Niterdi, 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:

d, d; d;
+wj - +w

)

S = we -

: )
e, max dz‘,max dl,max

where:

o W, w;,w; are the weights assigned to the edge density,
intersections, and lane kilometers respectively.

e d. is the edge density.

o d; is the density of intersections.

o d; is the density of lane kilometers.

e dc max 1s the maximum observed value of edge density
between the two regions.

o dimax is the maximum observed value of intersection
density between the two regions.

e d; max 1S the maximum observed value of lane kilometer
density between the two regions.

The value 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, w;, w;] = [0.5, 0.4, 0.1]. )

Initially, two visually similar regions are chosen for the
analysis, in which the 3.7km? area defined contained the
geographical boundaries of the neighborhoods. Then the
combined complexity is calculated to infer the similarity
between the regions. assess the similarity of the regions. The
neighborhoods chosen were Botafogo and Icarai, located in
the state of Rio de Janeiro, Brazil. Table I summarizes the
main characteristics of the two simulated areas.



TABLE I
MAIN CHARACTERISTICS OF THE TWO URBAN REGIONS SIMULATED.

Botafogo | Icarai
Area (km?) 3.7 3.7
Intersections 347 347
Edges 591 534
Lane length (km) 86.4 80.5
S 0.94 1

B. Federated learning modeling

In the vehicular simulation context, each vehicle indexed as
C; is treated as an independent client with a dataset D, that
is distinct from those of other vehicles. Uniform dataset sizes
are assumed across all clients in the simulation. Addition-
ally, vehicles are presumed to have identical computational
resources, resulting in uniform individual training times.

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 of the
global model.

Both regions have rich mobile coverage (4G/5G). There-
fore, 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.

C. Dice-Sprensen coefficient

The Dice-Sgrensen coefficient measures the similarity be-
tween two sets. It is widely used in medical image segmen-
tation to quantify spatial similarity in images [16]. We apply
this metric in the context of federated learning to assess the
similarity between sets of individual datasets across different
rounds. We can interpret the set of the individual clients
datasets as constituting the complete dataset Dp, for that
respective round j. Figure 1 helps with the visualization.

D, D, D,

Round 1 Round 2 Round 3

Fig. 1. Set of datasets constituting the complete dataset of each round.
The Dice-Sgrensen (DS) coefficient can thus effectively

measure the variety between the sets of datasets across differ-

ent rounds, quantifying the degree of overlap between them,

as follows:
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D. Simulation description

The machine learning task considered for this work is image
classification of handwritten digits. We use the MNIST dataset
[17] due to its broad use in the literature [8], [18], [19] and
substantial size, making it suitable for partitioning in large-
scale federated learning experiments. A simple convolutional
neural network (CNN) design is used. It comprises two
convolutional layers with ReLU activation functions followed
by a 2x2 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.

The mobility simulation is done using the SUMO sim-
ulator [20]. The Traffic factor parameter was set to 10 in
both simulations. The maps of the selected regions were
exported from OpenStreetMap [21]. The vehicular demand
defined within the regions was based on data of the average
vehicles flow per hour in the Botafogo region, collected and
provided by the Rio de Janeiro’s city hall [7]. Both Botafogo
and Icarai observed approximately 1,290 vehicles per hour in
the simulation. 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 uni-
form class distribution across different vehicles. The vehicles
participating in a federated round are those actively traveling
within the region during that specific time interval.

IV. RESULTS

This section describes our experiments with vehicular FL.
considering realistic traffic patterns in two urban areas of
Rio de Janeiro, showing that the characteristics of the road
topology have an impact on the performance of FL training.

A. Comparing different regions

Firstly, we evaluate the node availability behavior on the
considered regions. Figure 2 plots the number of vehicles
participating in the FL rounds. Both regions start the sim-
ulation 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 Icarai.

From a traditional ML perspective, a larger dataset typically
improves model performance [22]. In this sense, the region
of Botafogo should intuitively yield a better model perfor-
mance 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 3 shows a counter-intuitive result. Botafogo exhibits
a worse accuracy curve, despite the higher data volume. The
difference is more relevant in the first half of the simulation,
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Fig. 2. Number of vehicles participating in each training round for Botafogo and Icarai.
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Fig. 3. Accuracy obtained at each training round for Botafogo and Icarai.

showing that Icarai 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.

In addition to the averaged trip duration and the volume of
vehicles in each round, we can directly infer the frequency of
vehicle participation throughout the simulation in Figure 4.
The frequency of vehicle participation is the number of FL
rounds that a vehicle has took part in. We normalize this
frequency by the maximum frequency among all the vehicles
in each region.

The green curve, representing the Icarai 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 significant 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 in more frequent vehicles. In addition to
that, the blue curve also presents a significant spread towards
higher values, assuming more than double the vehicles that
participate in 9 and 10 rounds, when compared with Icarai.

To validate our hypothesis, we then calculate the Dice-
Sgrensen coefficient between the datasets Dg;, inferring the

degree of variability in the datasets throughout the n federated
rounds of simulation. The coefficient can be calculated using
Equation 3. This analysis results in a DS matrix for each
region, represented in Figures 5(a) and 5(b). In this matrix, a
higher coefficient value indicates a greater similarity between
the datasets of different 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 coefficient as
well as a higher dispersion from the main diagonal. The Icarai
matrix shows both a lower dispersion from the main diagonal,
as well as lower DS coefficients. Initially, when observing
Figures 5(a) and 5(b) the difference is subtle. Nevertheless,
in the following more controlled experiments, this subtle
difference 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 6. The plot demonstrates that lowering the
participation threshold improves performance, with the limit
set at 3 rounds outperforming the thresholds of 4 rounds and
the original vehicle pooling strategy. The curves constrained
by the round participation limit exhibit improved convergence
towards the same final accuracy.

We can then compute the DS coefficient matrix for the 3-
limit curve in Figure 5(c) and compare the degree of similarity
with the original Botafogo matrix. A clear difference can
be observed between Figures 5(c) and 5(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 influence
of the same vehicles across the rounds, and consequently
the weight vectors are less biased towards those vehicles
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datasets. This shows that vehicles which stay longer in a
region, participating in an excessive number of FL rounds,
negatively impact the model performance.

Figure 7 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 vehi-
cles required for training, as observed in the distribution of
vehicles in Figure 7.

The performance increase over the original Botafogo setup
combined with the reduction of the average dataset size across
the rounds, validate our hypothesis that a higher rate of

DS matrix for the different regions.

vehicles permanence can produce bias towards the frequent
vehicles’ contribution, thereby reducing model performance.
This bias can be explained by the federated learning aggre-
gation process. The traditional federated learning aggregation
strategy, FedAvg [4], 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 [23], 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
difference between the error observed in the training sample
and the error expected on new, unseen data.

V. CONCLUSION AND FUTURE WORK

In this work, we analyzed the vehicular federated learning
behavior between two different urban regions regarding vehi-
cle density and permanence. We have simulated two realistic
federated learning scenarios modeled the mobility patterns of
the chosen regions and compared the accuracy obtained.

Further on, we evaluated the impact of vehicle permanence
in the region regarding the similarity between the total datasets
across the rounds, using the Dice-Sgrensen (DS) coefficient.
Surprisingly, lower performance was observed for the scenario
with a higher dispersion on the main diagonal of the DS
matrix. We have then formulated the hypothesis that this
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degradation was due to the presence of bias in the model
towards the vehicles with an excessive prevalence in training
rounds, which affected the model’s generalization capabilities.

At last the hypothesis was 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 significant 47% reduction in the number of participating
vehicles across the rounds, confirming our hypothesis.

To build on the findings of this research, we will focus
on evaluating node availability in vehicular networks for
more complex tasks. These tasks may be more sensitive to
fluctuations in the datasets of each round, potentially resulting
in a greater impact on the model’s ability to generalize.
Additionally, future research should consider a broader range
of diverse regions to further investigate the impact of road
complexity on node availability and FL performance.
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