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Abstract—Modern vehicles are equipped with sophisticated
systems that continuously monitor both their mechanical con-
dition and the well-being of passengers. In the vehicular net-
work scenario, this availability of a vast amount of data has
encouraged ever more the development of ML-based systems to
enable highly reliable functionalities for supporting autonomous
driving. However, a major challenge is to enable vehicles
to process ML-based complex models quickly and efficiently.
This problem can be solved by utilizing edge-based computing
solutions where computing and storage resources available in
network infrastructures are located near the vehicles. By offload-
ing some of the processing tasks to these local resources, vehicles
can achieve faster response times and enhanced efficiency.
In this paper, we analyze the computing and communication
performance of a federated multi-modal distillation approach
for driver emotion detection for a vehicular communication
semi-urban scenario, which will be modeled by implementing
stochastic geometry models. The aim of our analysis is to
evaluate the impact of a complex ML-based approach on the
communication infrastructure, where locally distilled models
suitable for constrained devices are federated into a global
model. We also investigate the impact on the network of the
load due to the learning procedure when IID data and non-IID
are considered. The numerical results highlight the strengths
and weaknesses of the communication infrastructure when
heterogeneous wireless technologies such as 5G and WiFi are
involved in handling this type of approach for vehicles with
limited computational resources. ¢

Index Terms—Edge Computing, Data offloading, Internet of
Vehicles

I. INTRODUCTION

Modern vehicles are increasingly equipped with advanced
electronic devices and sensors such as cameras, GPS and
LiDAR [1], which generate huge amounts of real-time data
that can be used by Machine Learning (ML) algorithms.
The availability of this data combined with recent advances
in ML techniques and learning paradigms, like Continual
Learning (CL), has enabled the development of Al-based
tools to monitor driving conditions including passenger well-
being [2]. CL paradigm [3] says that an intelligent system
needs to incrementally acquire, update, accumulate, and
exploit knowledge throughout its lifetime. Practically, the
training phase of a learning agent is ongoing, periodically
refining and enhancing models. However, due to the limited
computing power on board vehicles, CL often relies on the
edge infrastructure, which requires transmitting the analytics
via wireless technologies, such as 5G, to the edge, which
is empowered by enough computing resources and extensive
memory. The learned model is then sent back to the vehicle.
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While this approach produces reliable models, it can cause
delays and high bandwidth usage due to the distance from the
Cloud/Edge. To address this, near-edge vehicle networks have
been introduced. This approach uses Road Side Units (RSUs)
strategically positioned near access network points such as
gNBs to process data locally and minimize delays. Despite
this solution, the reluctance to share data between vehicles
remains a challenge, mainly due to privacy concerns. As a
result, it can be difficult for RSUs to collect enough data to
train accurate models, affecting their ability to fully support
vehicle services.

Due to the distributed nature of vehicular networks, ML al-
gorithms must take a decentralized approach. In this context,
Federated Learning (FL) has gained significant importance.
In contrast to conventional ML methods, FL enable vehicles
to train models locally on their data without sending raw
data to a central server. Instead, the locally trained models
are uploaded to RSUs, where they are aggregated to update
a global model. However, the traditional FL [4] requires a
synchronous update of the global model, i.e. the RSU has
to wait until all vehicles have uploaded their local models
before it can proceed with the model aggregation. The authors
in [5] have solved this problem by introducing a new com-
munication architecture for the Internet of Vehicles, where
each vehicle sends updates asynchronously. At the same time,
aggregation remains synchronous, effectively reducing the
total communication time for an FL round.

In this paper, we assume groups of vehicles operating
in proximity of the edge infrastructure that support the
communications and computing operations for generating a
multi-modal learning model, as described in [6]. We chose
this learning approach to investigate the network performance
under federated training of a complex learning model. The
output of the learning model is to recognize the driver’s
emotions from the unlabeled onboard video data and train
the local emotion recognition model using the distillation
approach by providing ground-truth based on physiological
signals. These local models are aggregated as part of an FL
process coordinated by the server at the edge of the network.
Model generation thus includes signal processing of heteroge-
neous data, local and central computational tasks at the edge
of the network, and communication signaling to coordinate
all these distributed processes. Further, we assume the RSUs
have a limited range due to environmental interference and
obstacles. As a result, vehicles often leave RSU coverage
before they have completed their local model training. This
premature departure affects the accuracy of the global model,
as the RSU cannot aggregate the vehicle’s updates in time
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Figure 1: Continual Learning Scenario

to update the global model. These effects exponentially
increase the growth of the load for the network, especially in
communication scenarios with intermittent connectivity.

We analyze vehicular mobility near RSUs and evaluate
the probability that a given number of users connect to
an RSU. We then evaluate how the interference affects the
network performance in terms of available data rate and
the time needed to complete the federated procedure for
the complex learning model considered in this work for the
vehicular network depicted in Figure 1. For modeling the
communication channel between the vehicle and the RSU,
which is located at the edge of the considered infrastructure,
we refer to the results in [7]-[9]. For a given geographical
area, we assume that the users are mobile and the placement
of the RSU can be represented by two independent Poisson
point processes (PPP) with an intensity depending on the
environment (topology of the roads, infrastructures in the area
and the speed of the vehicles). We calculate the utilization of
the RSUs, i.e. the number of connected users and the signal-
to-noise ratio of the channel, which determines the available
data rate. Then we investigate how the state of the network
links affects the cooperative learning system in a semi-urban
scenario. The main contribution of this work is a quantitative
analysis of network performance in terms of communication
and computational load due to a federated algorithm for
training a complex multi-modal learning model considering
the channel characteristic of the link between RSU and
vehicle. We also investigate the impact on the network load
due to the learning procedure when IID and non-1ID data
are considered. Finally, we analyze the performance of the
proposed approach in terms of the accuracy provided by the
FL approach and the computational load.

The rest of the paper is organized as follows: Section
IT discusses the proposed system architecture for the clas-
sification of the emotions and describes the FL process
we envision. Section III presents the communication model
scenario. Section IV describes the results obtained. Finally,
Section V presents our conclusions and suggests possible
directions for future research.

II. SYSTEM ARCHITECTURE

In this section, we describe the considered FL procedure
and the network architecture shown in Figure 1.
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Figure 2: Multimodal Distillation Procedure

FL enables the training of models in distributed locations
while preserving user privacy without centralizing the data. In
this context, we have considered a learning model based on
the multi-modal distillation (MMD) technology and FL. Even
if not fundamental for our analysis we recall that the model
can help to classify the emotional state of the driver. MMD
refers to a transferring knowledge technique that allows to
transfer the knowledge of a large Neural Network (NN) model
to a compact NN using different modalities in a teacher-
student learning architecture.

In this learning approach, we transfer the knowledge from
the sensor to the vision modality using the BioVid Emo
dataset [10].

To further reduce the load on the resource-constrained
vehicle device, as described in [6], we split our trained teacher
model into a head, which is uploaded into the vehicles, and a
tail, which is uploaded to the edge and contains most of the
teacher. After performing MMD on each device, we used FL.
by using data from numerous vehicles to achieve FedMMD.
The FL procedure improves the accuracy of the global model
by collecting information distributed across users in a wide
area by iterative communications among vehicles and the
aggregation server at the edge. Each vehicle that participates
in the FL process trains a local model with its respective
dataset so that the data remains local. These local models are
then aggregated at regular intervals to update a global model
that summarizes the findings of all participating vehicles. It is
important to mention that for communicating model updates
within FL, we use the KAFKAFED architecture [5], which
employs a publisher-subscriber network paradigm with Kafka
brokers. A Kafka broker acts as an orchestrator and manages
the model parameters going to and from the FL server and
vehicles.

In brief, the FedMMD approach used to perform the
training of the learning procedure considered here can be
summarized as in the following:

1) In each round of FL, the vehicles download through the
RSU the global model parameters, from the aggregation
server at the edge;

2) Each vehicle trains its model using its own local dataset;

3) For each vehicle during the FL process, the student
model generates the soft logits (i.e. the output layer of
the neural network) using the video data consisting of



passenger facial expressions;

4) Using the driver physiological signals as inputs, the
teacher head on the vehicle device generate the param-
eters of an intermediate layer (i.e the hidden layer of
a neural network) and send it to the edge, which thus
generates the teacher logits. These teacher logits are then
sent to each vehicle to perform a MMD;

5) After a few local training epochs of the MMD, each
vehicle sends its trained local parameters model to the
edge for aggregation to create a new global model based
on the FedAvg algorithm;

6) The aggregation server sends the updated global model
to all participating vehicles for further training.

III. COMMUNICATION FRAMEWORK

In this section, we analyze both the downlink and uplink
data rate given the load for the RSU located at the edge
of the network scenario shown in Figure 1 to calculate the
corresponding average capacity rate of the channel between
the users and the serving RSU.

For the vehicular communication scenario considered in
this paper, we assume a model based on a Heterogeneous
Cellular Network (HCN) in which the RSUs are clustered
in K layers that differ in terms of their transmission power
Py, their deployment intensity A and their cell selection,
such as in the case of infrastructures based on 5G and
WiFi technologies. The locations of the RSUs of the k-
th layer are modeled by a PPP &, of intensity A\;. We
assume that resource allocation is achieved by orthogonal
partitioning of resources, e.g., time-frequency resource blocks
in orthogonal frequency division multiple access (OFDMA),
where each resource block is assigned to a UE to avoid intra-
cell interference. We use another independent PPP &, with
intensity \,, for modeling the UE locations. The intensity and
the average number of users per area are functions of the
mobility model parameters for the vehicles, such as speed.
We perform the downlink and uplink analysis assuming that
the UE is located at the origin of the communication area
covered by the RSU.

Starting from the downlink, we base our analysis on the
results in [7], [11], so that we can calculate the received
power for the UE from the RSU located at z;, € ®; and
transmitting with power Prgy in a given resource block as
follows:

P, = Prsu, - 9(@k, ag, hi, X&) (1)

where ¢(-) is the function modeling the power law path loss
with exponent « for the distance between the RSU located in
x and the UE at the origin, the fading h and the shadowing
X for the RSU belonging to the kth tier.

According to the policies adopted by the wireless operators
for providing access to users (e.g., for the 4G/5G networks),
the UE connects to the RSU in z;, that provides the highest
long-term biased received power, this policy is represented
by :

xy, = argmax Py, (2)
TzEDy

Given the RSU in z}, to which the UE is connected, this is
affected by the interference IIZ due to the RSUs at x5 €
O \{z;} VEk=1---K, which can be calculated as:

K
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where the Ny is the noise source.

If NV}, represents the number of UEs served by the k-stage
RSU at x}, this number is a random variable influenced by
the RSU’s service area and the UEs within that area. As
discussed in [7], [9], the service area can be approximated
by the cell area of the Poisson-Voronoi tessellation with the
mean value Py /Ak. Considering that Py captures the effect
of shadowing and that the UE is more likely to select an RSU
with a larger service area, the coverage area of the RSU tends
to be larger than that of an RSU of the same tier. Finally,
according to the policies adopted by the wireless operator
to provide access to the users, we assume that each RSU
allocates the same time-frequency resources to its UEs, i.e.,
each UE receives a rate proportional to the spectral efficiency
of its downlink channel from the serving RSU. Based on the
available bandwidth W, expressed in Hz, we can calculate
the downlink rate available to the UE in bits/sec as follows:

w
o\ — ;oo (1+ SNIR,;) (5)
The authors in [7] provide an important result to analyze
the probability distribution that the rate G),(gdl) is greater
than a threshold 6(“): Indeed, they exploit the functional
relationship between the SNIR and the rate in (5) to get:

K o
PO\ > 0] = 3" N P[SNIR,; > %]
k=1n=1
Plz} = zgrsy] - PNg =n].  (6)

where s* can be derived from equation (5) as s* =

o™ ny

2 — 1. The authors also provide the mathematical tools
to obtain closed-form solutions for the probabilities terms
in the equation (6). Exploiting these results, we provide a
numerical analysis, discussed in Section IV, of the average
rate available on the downlink UE-RSU for the scenario
considered in this paper. For the design of the communication
scenario, equation (7) in [8] provides the probability mass
function of the number of users associated with the RSUy,
that is:

PNy, =n+1] =

3.5 T(n+45) (Audi\" (4. A ~(n+4.5)

(7
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is the probability that a user connects to a k-th RSU,
assuming that each user connects to the RSU that provides the
highest long-term biased received power where By, represents
the bias power used for example in the Cell Range Extension
approach.

Now we turn to the analysis of the uplink according to [8],
[11]. Many assumptions for the downlink can also be applied
to the uplink, but with some additional considerations. For the
uplink, we assume that mobile users use distance-proportional
fractional power control. Thus, as a user approaches the de-
sired RSU, the transmit power required to maintain the same
received signal power decreases as for uplink operation in
LTE. We also assume that due to the orthogonal access to the
uplink within each RSU, only one UE per RSU transmits in a
given resource block, contributing to the interference. In this
scenario, we can approximately characterize the interference
assuming that a user at y,» € ®,, served by an RSU at xj-
is deemed to interfere with a user placed at y,, € ®,, served
by an RSU at zy, if the distance r = |z — y.| is equal or
lower than the coverage distance of the RSU at z;. Hence, as
proven in [8], [9], the effective interference field as observed
from the RSU at zy, is due to the active users y,, € ®,,, one
for RSU belonging to all j # k, j = 1--- K tiers, whose
location can be approximated by a non-homogeneous PPP
@7, with intensity function for the tier j given by Ay, ;(dr) =
ai\; - ra—l(1— e(_ iy a2)) (dr) dependent from the
infinitesimal variation of the radially symmetric distance dr,
where a1 and a9 are constants to consider the shadowing on

the uplink and the shadowing plus the weighted path loss,
respectively. Then, the interference is calculated as follows:

L= Y Py g(yw — ail ok hisxn). - ®)

Yo €PF

Given that the received power at the RSU from the
user, which is affected by interference is P,, - g(|yn, —
2|, @k, hi, X&) the SNIR at the RSU can be calculated as in
(4) and the uplink rate in bits/sec as in (5). The probability
of having a rate @,(gu” greater than a threshold #(“") can be
obtained as:

PO > 00 =

K
Z]P[SNIRM > 5| - Plzy = zrsu]. (9)
k=1

In this case, the authors provide the mathematical tools to
obtain closed-forms for the probabilities in (9), which we
exploit to provide a numerical analysis in the Section IV, of
the average available rate on the uplink UE-RSU.

IV. SIMULATION RESULTS

For analyzing the communication and computation load
of the reference FedMMD algorithm as shown in Figure 1,
we define a two-tier heterogeneous communication scenario
located in a semi-urban environment where the RSUs at the
edge belong to two independent classes such as macrocells
(e.g. gnB) and microcells (e.g. WiFi). Table I shows the set-
ting parameters of the scenario. The displacement intensities
of the RSUs are A\; = 15 and Ao = 25 per square kilometer,

the transmit power is Prsy, = 60 dBm and Prgsy, = 30
dBm, and the association bias is B; = 0 and By, = 5 dBm for
the class one and class two RSUs, respectively. The mobile
user is represented with an intensity of A\, = 55 vehicles
per square kilometer and a transmission power of P, = 23
dBm. We also assume that the shadowing distribution x for
each tier is lognormal with a mean p; = po = 0 dBm and
a standard deviation o; = 4 and o9 = 8 dBm, the path loss
a = 4, the bandwidth W = 10 MHz, the random channel
gains hy = ho are Rayleigh distributed with average power of
unity, and the spectral density of the thermal noise Ny with
oo = —174 dBm/Hz [11]-[13]. These parameters represent
a semi-urban scenario where the radio coverage is dense, the
neighbors strongly interfere with the signal of a user served
by an RSU, and the shadowing and fading take into account
the heterogeneity of a semi-urban environment. Finally, for
the performance evaluation, we assume that the offered load
for the RSU in terms of associated users can vary from low,
3 users per RSU, to high, 30 users per RSU; we based the
reasoning on the load evaluation shown in (7).

Table I: Communication Setup Parameters

Parameter Setting
A1 (1/Km?) 15
A2 (1/Km?) 25
Au (1/Km?) 55
Prsu, (dBm) 60
PRSU2 (dBm) 30
P, (dBm) 23
o' 4
h1 = ha (dBm) ~ exp(1)
X1 = [p1,01] (dBm) [0 4]
X2 = [p2,02] (dBm) [0 8]
B1 (dBm) 0
B2 (dBm) 5
W (MHz) 10
oo (dBm/Hz) -174

From the setup parameters defined in Table I we calculate
the data rate for uplink and downlink shown in Table II
for a different number of users (vehicles) connected to the
RSU. The table also shows the load caused by a complex
learning procedure such as MMD in terms of the time
required to exchange information between a vehicle and
the edge server via the RSU. As explained in section II,
in this method, the vehicle sends the intermediate layer of
the teacher model to the RSU in the uplink and the RSU
sends the teacher logit to each vehicle in the downlink to
achieve local distillation. The teacher model considered in
this paper includes an intermediate layer of 0.017 Mbits and
a logit of 0.0053 Mbits. Since all vehicles use a model with
the same number of parameters, the time required by each
vehicle during the MMD procedure depends only on the
offered data rate, as indicated in the MMD load column of
the table II. Therefore, as the number of users connected to
the RSU increases, the SNIR and consequently the data rate
decreases and so does the time required for the information



exchange. After performing the distillation, each vehicle
starts the aggregation process and uploads the trained local
model to the aggregation server. At the end of the aggregation
process, the vehicles download the aggregated model. Since
the local model available to each vehicle contains the same
number of parameters as the aggregated model, the size of
both models is 1.022 Mbits. In this case too, the time required
for uploading and downloading the models depends only on
the data rate specified in the FL. Load column of the II table.

Table II: Communication Load Analysis per User

RSU Load Data Rate MMD Load FL Load
(n. Users) (Mbps) (sec.) (sec.)
ULink DLink ULink DLink ULink DLink
10 2.2 9.4 0.0077 5.62 10~4 3.72 0.87
20 1.8 8.5 0.0094 621 104 4.54 0.96
30 1.6 7.3 0.0106 7.23 104 5.11 1.12

The results in Table III show the total communication
load in seconds and Mbits required to complete the MMD
and federation procedures for a different number of vehicles
connected to the RSU.

The results also consider the IID and non-IID data cha-
racteristics on the communication load. In the case of non-
IID data, more communication rounds are required than for
IID data. This is because the algorithm experiences slower
convergence for non-ID data due to the differences in the
dataset of different vehicle users. Therefore for a given data
rate, the total communication load measured in seconds and
Mbits is significantly higher in the non-IID scenario. In
addition, the non-IID data leads to greater variability in the
averaging of the model, which increases noise and forces
the FL process to require more rounds to reach the target
accuracy level.

The analysis of FedMMD computation time for individual
users for a given number of users participating in the federa-
tion is based on the method described in [14]. However, for
the empirical calculation of these metrics, we use the Ten-
sorFlow Profiler, which provides insights into the execution
of TensorFlow code. With the TensorFlow Profiler, we can
determine the average time required for a single computation
step. The "Average Step Time" metric in the TensorFlow
Profiler is the average time it takes to execute a training
step on a given device, where the NN processes a batch of
data and then tunes the model parameters. The breakdown of
the step time facilitates a comprehensive analysis of the time
distribution across different operations, which include input
processing, forward and backward passes, gradient updates,
and associated overheads during the processing of a batch of
data. To analyze the computation time, we consider vehicles
equipped with homogeneous, limited hardware resources
consisting of a single-core CPU with 2.00 GHz and 8 GB
RAM. Table 1V illustrates the average step time and the total
computation time required to complete a training run (epoch)
of the student on each device. The table shows the comparison
of measurements for the centralized MMD method and the
federated method for different numbers of users connected
to the RSU. The results show that the average step time
is highest for the centralized method. For the FL method,
it varies slowly for different numbers of users. However,

the most important result that the table shows is that the
epoch computation time decreases as the number of users
increases. This is due to the distributed nature of FL, which
involves distributed data processing across multiple clients for
collaborative model training. With a higher number of clients,
the computational load is distributed over a larger area, which
can result in faster computation times for individual clients.

Beyond the numerical analysis of the communication and
computational load, we investigated the accuracy of the
proposed FedMMD approach, considering the case of IID and
non-IID data for analysis. The results on the test accuracy
and its standard deviation in the case of IID and non-IID
data are shown in Table V and Table VI, respectively. In the
case of IID data, the results show that both accuracy and
standard deviation do not vary significantly as the number
of users connected to the RSU and participating in the
FL process increases. This is because IID data contains all
possible information about the underlying process in each
user dataset and is weighted by the number of samples in
it. This means that just a few users are enough to achieve
a high level of accuracy. In contrast, with non-IID data,
each user dataset contains a different level of information.
Moreover, we note that the test accuracy is lower in the
case of non-IID data than in the case of IID data. This
is due to the fact that the trained models on non-IID data
suffers from the problem of overfitting. In addition, for both
IID and non-IID data, increasing the number of users in FL.
beyond a certain threshold can have a negative impact on
accuracy. This is because the contribution of new information
decreases when the system is overwhelmed by data noise,
often caused by redundancy in datasets. To mitigate this
effect, user selection mechanisms can be used to ensure that
only relevant participants contribute to the FL. model

V. CONCLUSION

In this paper, we present a simulation-based framework
to investigate the performance of vehicular communication
scenarios in a semi-urban environment when a complex
learning model is trained with a federated approachln this
scenario, two classes of RSUs are strategically deployed at
the edge of the network, each characterized by different
transmission capabilities and placement densities, such as in
the case of 5G and WiFi technologies. Our results show that
vehicles communicating via RSUs equipped with a federated
server at the network edge can jointly train a multi-modal
distilled model. The results shows that the time required for
uplink and downlink communication during the multimodal
distillation and FL process is minimal. We also perform a
detailed analysis of the communication load associated with
our approach under varying RSU utilization i.e., defined by
the number of connected users. The results demonstrate the
feasibility of the proposed method under different RSU load
conditions and illustrate its adaptability and efficiency in real-
world scenarios. In the future, we aim to expand our analysis
to encompass a broader range of scenarios, including both
urban and rural environments and to explore the scalability
of our approach in larger vehicular networks.



Table III: Global Communication Load Analysis

RSU Load MMD FL
(n. Vehicles) 11D non-IID 11D non-I1ID
Rounds Comm. Load Rounds Comm. Load Rounds Comm. Load Rounds Comm. Load
sec. (Mbit) sec. (Mbit) sec. (Mbit) sec. (Mbit)
10 6 0.496 (1.33) 3 0.25 (0.67) 8 36.69 (1.31) 81 371,48 (13.24)
20 6 1.21 (2.66) 3 0.6 (1.33) 51 280.71 (16.68) 100 550.41 (32.70)
30 6 2.04 (4) 3 1.02 (2) 32 199.36 (15.7) 100 623 (49.06)

Table VI: FedMMD Test accuracy for different number of
users associated to the RSU in the context of non-IID data

RSU Load Test Accuracy Standard Deviation
(n. Vehicles) (%) (%)

30 83.06 0.58

24 84.72 1.71

15 84.17 2.04

9 78.00 2.39

3 35.83 13.66

Table IV: Computation time (seconds) of each student in
centralized MMD and FedMMD

. CPU@2.00GHz
Configuration
step time  epoch time

Centralized 0.2676 20.60
Fed. 2 users 0.2352 9.196
Fed. 4 users 0.2144 4.288
Fed. 6 users 0.1773 2.304
Fed. 8 users 0.1875 1.875
Fed. 15 users 0.1965 1.179
Fed. 30 users 0.1313 0.393

Table V: FedMMD Test accuracy for different number of
users associated to the RSU in the context of IID data

RSU Load Test Accuracy Standard Deviation
(n. Vehicles) (%) (%)

30 96.11 1.04

24 97.50 0.01

15 97.22 0.38

9 95.28 0.40

3 95.00 1.18
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