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Abstract The rapid expansion of urban vehicular networks has led to increasing carbon emissions, posing significant
environmental challenges in densely populated areas. Accurate emission predictions are crucial for sustainable urban
planning, but current methods face limitations in handling large-scale dynamic data while balancing latency, privacy,
and communication efficiency. This paper proposes a comprehensive framework study that compares centralized,
federated, and shared learning approaches for CO2 emissions prediction in vehicular networks, using data from
vehicles and roadside units (RSUs) to predict emissions in diverse urban scenarios. By evaluating the performance
of each approach on latency, communication overhead, and prediction accuracy, this work provides insights into
optimizing learning strategies for real-time, scalable, and privacy-preserving emissions management in intelligent
transportation systems. The findings offer valuable guidance to urban planners and policymakers, fostering the

development of sustainable urban mobility solutions.
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1 Introduction

In recent years, the exponential rise of vehicular mobility
has intensified urban challenges, particularly related to traf-
fic congestion de Souza ef al. [2020, 2019] and the increase
in harmful emissions from conventional fuel-powered en-
gines Sanchez et al. [2024]. The constant movement of ve-
hicles in densely populated areas contributes significantly to
COs and other pollutants, creating both environmental and
public health concerns. Emissions such as carbon monoxide
(CO), nitrogen oxides (NO,,), and particulate matter (PM) de-
grade air quality, exacerbating respiratory and cardiovascular
conditions while contributing to climate change Rahman and
Thill [2023]; World Health Organization [2019]. These is-
sues underscore the urgent need for solutions that can manage
urban traffic more effectively and reduce the environmental
footprint of connected vehicles, driving efforts toward more
sustainable urban mobility practices.

Several strategies have emerged to address these chal-
lenges, with many focusing on traffic forecasting to support
decision-making in intelligent transportation systems (ITS)
Fei and Ling [2023]. For environmental applications, predict-
ing carbon dioxide (CO;) emissions accurately is critical, as
it enables monitoring and management of the environmental
impact of increasing urban traffic Zhang et al. [2023]. How-
ever, CO4 forecasting presents unique challenges, as data
acquisition can be difficult due to the need for high-quality,
real-time data, which is very difficult to acquire in dynamic
scenarios, and issues of data scarcity and heterogeneity in ur-
ban areas complicate processing. Additionally, ensuring the
spatial-temporal consistency of collected data is essential for
valid emission forecasting, but challenging to achieve due to

the dynamic nature of urban traffic and varying vehicle types
Fei and Ling [2023]. While certain solutions focus directly on
COq, prediction, adapting existing traffic forecasting models
for emissions remains an effective approach to improve urban
planning and advance sustainable development Rahman and
Thill [2023].

Traditional approaches for predicting dynamic aspects in
urban mobility often rely on a Centralized Learning (CL)
architecture, where vehicles and roadside units (RSUs) con-
tinuously transmit raw data to a central server for process-
ing Belal ef al. [2024]. This server aggregates the data, en-
abling machine learning models to analyze comprehensive
datasets. CL offers the advantage of high model accuracy, as
the complete dataset provides a holistic view of traffic and
emission patterns. However, it also presents notable limita-
tions: centralized architectures can lead to bottlenecks due to
the substantial data volume transmitted, resulting in high la-
tency, increased communication costs, and privacy concerns
associated with sharing raw data from numerous vehicles Sze
etal. [2017].

These challenges underscore the need for alternative so-
lutions, paving the way for distributed learning approaches,
which reduce communication overhead and enhance data
privacy by allowing vehicles to process data locally Zhang
et al. [2024]; de Souza et al. [2022]. Distributed learning
approaches, such as Federated Learning (FL) and Split Learn-
ing (SL), decentralize the model training process, mitigating
the limitations of centralized architectures while enabling
efficient, scalable, and privacy-preserving data processing
in dynamic vehicular environments. This shift towards dis-
tributed solutions aligns with the growing complexity and
scale of urban traffic systems, where maintaining data privacy
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and minimizing latency are increasingly important Zhou et al.
[2024]; Capanema et al. [2024].

The use of diverse learning approaches provides valuable
insights into optimizing CO4 emission forecasting by address-
ing the specific challenges of urban vehicular environments.
These architectures—centralized, federated, and SL offer dis-
tinct advantages and trade-offs that can address issues such
as data privacy, latency, and model accuracy de Souza et al.
[2024].

In previous work, we have studied the impact of CO2 on
vehicular networks, considering centralized, federated, and
SL architectures called EcoPredict. However, the commu-
nication overhead produced by these approaches still lacks
a detailed analysis, especially for data transmitted between
clients and servers Braun ef al. [2024]. While EcoPredict
demonstrates the feasibility of real-time prediction using ur-
ban sensor networks, our focus is on evaluating the impact of
these architectures on data traffic, identifying the challenges
and limitations imposed by the communication overhead of
different types of models. In addition, we seek to understand
how adaptive configurations can optimize these transmissions
in different urban scenarios, ensuring a balance between pre-
diction accuracy, computational efficiency, and data privacy.

CL aggregates all data on a central server, which supports
high model accuracy due to comprehensive data access. How-
ever, it is limited by significant data privacy concerns and
potential communication bottlenecks. FL, on the other hand,
allows data to be processed locally on edge devices, enhancing
data privacy and reducing communication latency. Despite
these benefits, FL can experience reduced accuracy because
the model training relies on decentralized data, which may be
incomplete or unbalanced Belal et al. [2024]; de Souza et al.
[2024]. SL serves as a compromise, partitioning the model
between edge devices and a central server to optimize both
data privacy and model performance. However, SL still faces
limitations, particularly in handling real-time data transfer
between devices, which can result in latency challenges in
dynamic vehicular networks Zhang et al. [2024].

Comparing these approaches is essential to identify the
most effective methods for managing the trade-offs in ve-
hicular scenarios, where efficient communication, privacy,
and accurate emission predictions are critical for sustainable
urban development.

In this way, this paper presents a comprehensive frame-
work analysis of different learning approaches, including
centralized, federated, and SL for CO5 emission prediction in
urban scenarios. Focusing on performance, latency, and com-
munication overhead, this work evaluates the suitability and
trade-offs of each approach within the context of real urban
mobility data from cities such as Luxembourg Codeca et al.
[2017], Cologne Uppoor et al. [2013], and Ingolstadt Lobo
et al. [2020]. Using SUMO for detailed traffic simulations,
the framework define the RSUs (clients) collect emission data
from connected vehicles, transforming this information into
time series datasets for further analysis.

The findings highlight each approach’s strengths and limi-
tations: (7) CL provides high accuracy but suffers from signif-
icant privacy constraints; (ii) FL enhances privacy but may
sacrifice model accuracy due to decentralized data process-
ing; and (iii) SL strikes a balance between performance and
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privacy, however it can suffer from high latency due its se-
quential nature. These insights guide the selection of the most
effective learning paradigm for sustainable urban mobility
management.

The main contributions of this paper can be summarized
as follows: (i) We focus on evaluating the overhead of three
communication approaches for urban emissions prediction,
specifically the data transmitted from client to server (uplink)
and from server to client (downlink), which are not present in
other papers in the literature; (ii) Adaptive configurations that
can be adjusted to various urban scenarios and infrastructures;
(iii) Performance evaluation using realistic mobility traces.

The remainder of this paper is organized as follows: Sec-
tion 2 presents a comprehensive background, highlighting
centralized, federated, and SL approaches in vehicular and
urban scenarios. Section 3 details the proposed framework
and its components, describing the system architecture and
the training approaches for emission prediction. Section 4
outlines the experimental setup, including the simulation en-
vironment, data sources, and model configurations used in
the analysis. In addition, the results are presented, comparing
each approach in terms of performance, latency, and commu-
nication overhead. Finally, Section 5 discusses the implica-
tions of the findings and possible avenues for future work.

2 Background

This section presents foundational concepts and reviews rele-
vant research on learning approaches in vehicular networks.
The background is divided into three primary approaches:
(i) CL, (ii) FL, and (iii) SL. Figure 1 illustrates the functioning
of these three approaches, providing a visual representation
of their processes in urban mobility scenarios.

2.1 Centralized Learning

CL involves aggregating data (i.c., raw data) from multi-
ple vehicles at a central server for processing and decision-
making 1(a). This approach typically results in higher accu-
racy due to the availability of large datasets, but it also poses
significant scalability and communication challenges.

Muhammad Saleem et al. Saleem et al. [2022] developed
a traffic monitoring system where all vehicle data is sent to a
central server for traffic prediction. This centralized approach
allows the server to aggregate a large amount of data, which
can improve the accuracy of predictions by providing a holis-
tic view of the traffic situation. However, this dependence on
centralization introduces significant bottlenecks, particularly
in high-density environments where data volumes are sub-
stantial. As data is constantly transmitted to the server, the
system’s scalability and robustness are compromised, mak-
ing it vulnerable to network congestion and server overload,
which are critical in dynamic vehicular environments.

Yang et al. Yang [2022] introduced a centralized traffic
control solution, leveraging a central server to optimize traf-
fic flow based on data collected from vehicles and roadside
sensors. The server processes large datasets to make real-time
decisions aimed at improving traffic management. While this
method provides high model accuracy, the main limitation
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Figure 1. Examples of how each training approach works. Even though they start from the same scenario, each approach has its own specific operational

characteristics.

is the over-reliance on the central server. This creates vul-
nerabilities related to communication failures and scalability
issues, as the server becomes a single point of failure. In
environments with unstable network connectivity or a large
number of vehicles, this approach can suffer from signifi-
cant latency, leading to delayed decision-making and reduced
system efficiency.

Wang et al. Wang et al. [2020] proposed a cloud comput-
ing architecture for real-time data processing from connected
vehicles. In this system, vehicles transmit vast amounts of
data to the cloud, where it is processed to generate insights
into traffic patterns and vehicle behavior. Cloud-based pro-
cessing offers powerful computational resources, enabling
complex analyses and more accurate predictions. However,
the reliance on high-quality, continuous connectivity between
vehicles and the cloud is a major limitation. In mobile ve-
hicular networks, maintaining a stable connection can be
challenging, especially in areas with fluctuating network con-
ditions, which can result in delays or loss of data, ultimately
affecting the system’s ability to provide timely insights.

Wu et al. Wu et al. [2018] proposed an Internet of Things-
based solution with centralized learning, where sensors in-
stalled on vehicles transmit data to a central server. The server
processes this data to train models, which are then used to
make traffic or environmental predictions. While the use
of IoT enhances data collection and provides more detailed
insights, the centralized nature of this system presents signifi-
cant scalability issues. As the number of connected vehicles
increases, the server must handle an ever-growing volume
of data, which can lead to bottlenecks in communication and
processing. This centralization also makes the system more
vulnerable to network disruptions, especially in urban envi-
ronments with high vehicle density.

Zhao et al. Zhao et al. [2019] proposed an accident pre-
diction system for intelligent transportation systems (ITS)
using centralized learning, where vehicles send data to cloud
servers for processing. The system provides accurate accident
predictions by analyzing the data collected from multiple ve-
hicles and traffic conditions. However, the latency associated
with transmitting data to the cloud and processing it centrally
makes this solution less ideal for critical environments with
stringent real-time requirements. Delays in communication
and processing can undermine the system’s effectiveness in
preventing accidents in fast-changing traffic scenarios, where
immediate actions are necessary.

Farnoush Falahatraftar et al. Falahatraftar et al. [2021]

developed a deep learning-based centralized system to predict
mobility patterns in vehicular networks. The model is trained
using data aggregated from sensors and mobile devices on a
central server. While the system benefits from the centralized
aggregation of large datasets, allowing for more accurate
mobility predictions, it faces challenges related to latency
and server vulnerabilities. The constant data transmission
required for real-time predictions increases communication
overhead, which can become a significant burden in networks
with a large number of vehicles. Additionally, the system’s
dependence on a central server introduces risks of failure if
the server becomes overloaded or experiences downtime.

2.2 Federated Learning

FL allows vehicles to collect data locally and train models,
sending only the update weights to a central server for aggre-
gation, depicted in Figure 1(b). This decentralized approach
effectively preserves privacy but introduces challenges related
to latency and communication overhead.

FL allows vehicles to collect data locally and train models,
sending only the updated weights, the parameters derived
from local training, which encapsulate the learned features
without revealing raw data to a central server for aggrega-
tion 1(b). This decentralized approach effectively preserves
privacy by keeping the raw data on each vehicle; instead, only
the updated weights are shared, enabling the central server
to combine these updates into a global model. However, this
method introduces challenges related to latency and commu-
nication overhead.

Ahmet M. Elbir et al. Elbir et al. [2022] proposed a FL so-
lution for vehicular networks aimed at preserving the privacy
of vehicle data during collaborative model training. In this
context, vehicles collect data locally, train their models, and
send the updated weights to a central server for aggregation.
While this decentralized approach effectively preserves pri-
vacy, the reliance on a central server for model aggregation
introduces challenges related to latency and communication
overhead, especially in high-density scenarios.

Manoj Kumar ef al. Kumar [2024] developed a FL frame-
work for traffic flow prediction in vehicular networks using
recurrent neural networks (RNN). They introduced an ef-
fective traffic flow prediction method (ETraff-FP) based on
actual historical traffic data. The local Traff-FP model con-
sists of three main components: a recurrent long short-term
capture network (RLSCN), a federated gated graph attentive
network (FGAN), and a semantic connection relationship
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capture network (SCRCN). This approach reduces data trans-
mission and preserves privacy. However, it faces challenges
due to heterogeneous data across vehicles and potential syn-
chronization delays, particularly when vehicles move through
regions with varying traffic conditions.

Kaur et al. Kaur [2024] proposed a FL based spatio-
temporal approach termed Fed-STGRU for traffic prediction,
avoiding transmitting raw user data over the network. Their
scheme maintains privacy while achieving comparable accu-
racy and loss to baseline algorithms such as TGCN, FedAvg,
and FedGRU. Although this approach helps address privacy
concerns, the communication overhead from frequent up-
dates, especially in scenarios with many vehicles, leads to
challenges in scalability and latency, particularly during peak
traffic periods.

2.3 Split Learning

SL integrates elements of both centralized and FL by parti-
tioning the model between the client and server, illustrated in
Figure 1(c), but unlike other approaches, clients share only
the model activations. This allows for more efficient commu-
nication while still addressing privacy concerns.

Abedi et al. Abedi [2024] integrated FL with SL in their
work, FedSL, aiming to optimize communication and en-
hance privacy in sequential data. The combination of these
approaches is crucial, as traditional FL may require devices
to transmit large model updates to a central server, leading to
high communication costs. However, the limitation imposed
by static model partitioning restricts the effectiveness of this
method in vehicular networks, where device capabilities often
vary significantly. The flexibility of SL allows for dynamic
distribution of model components, enabling better adaptation
to the individual capabilities of vehicles. This approach not
only minimizes data traffic but also maximizes learning effi-
ciency, which is critical in the ever-changing environments
of vehicular networks.

Eric Samikwa et al. Samikwa et al. [2024] proposed a
version of SL adapted for heterogeneous devices, in which
vehicles train parts of a model based on their computational
capabilities. This approach is essential for alleviating the
processing load on less powerful vehicles, enabling them to
actively participate in learning without being overwhelmed.
However, reliance on a partially centralized structure can still
lead to bottlenecks and increased communication overhead.
Implementing a more decentralized SL could further enhance
system efficiency, allowing vehicles to collaborate without
needing a central control point, which would be beneficial for
improving scalability and resilience in scenarios with heavy
traffic.

Guhan Zheng et al. Zheng et al. [2024] presents a novel
framework designed to address the complex challenges of ve-
hicular semantic communications in highly dynamic environ-
ments. The proposed framework, MSFTL (Mobility-Aware
Split-Federated with Transfer Learning), integrates a split-FL
model and transfer learning to adapt to the high mobility of
vehicles and manage the real-time offloading of tasks. This
method splits the semantic coder model into four components,
allowing vehicles to train parts of the coder, while an edge
component handles other parts, optimizing computational
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workload and minimizing communication costs. The MSFTL
framework is further supported by a Stackelberg game-based
resource optimization mechanism, enhancing its adaptability
and efficiency. One key advantage of this approach is its
ability to maintain high model accuracy while reducing la-
tency and computational demand, which is critical in mobile
vehicular networks. However, the approach has limitations,
particularly regarding communication overhead in scenarios
with very large datasets. This framework’s integration of
both SL and transfer learning allows it to operate in com-
plex mobility contexts, making it highly relevant to vehicular
networks where frequent and fast model updates are required.

2.4 Comparative Analysis

In reviewing existing approaches (Table 1), centralized learn-
ing methods demonstrate high accuracy due to their access to
aggregated datasets. However, their reliance on centralized
data processing introduces scalability challenges, computa-
tional bottlenecks, and privacy risks, particularly in large-
scale vehicular networks. FL mitigates some of these issues
by enabling local training and preserving data privacy. Yet,
data fragmentation across distributed clients can lead to model
convergence difficulties, and synchronization overhead may
hinder performance, especially in high-mobility scenarios.
SL, by distributing model layers between clients and a cen-
tral server, reduces communication costs and accommodates
heterogeneous devices. Nevertheless, its dependence on inter-
device coordination presents challenges in dynamic vehicular
networks with intermittent connectivity.

To overcome these limitations, this paper introduces, a
framework that integrates centralized, federated, and SL ap-
proaches for CO, emissions prediction, with the flexibility
to adapt to various vehicular conditions. Unlike previous
works, the framework employs dynamic model partitioning
to allocate computational load based on device capabilities
and network conditions, thus enhancing latency and commu-
nication efficiency. Additionally, it incorporates multiple
machine learning models, enabling real-time adaptability in
urban vehicular scenarios while maintaining both privacy and
prediction accuracy.

3 Predicting Vehicular Emissions

This section describes the framework used to predict CO2
emissions in urban mobility environments using CL, FL, and
SL approaches. The key idea is to provide a platform to
collect and share mobility-related data to train a model for
forecasting on the data collected. In this way, Subsection 3.1
introduces the system model considered in this work, while
Subsection 3.2 describe the data considered to train the ma-
chine learning models and how it is collected. Finally, Sub-
section 3.3 provides details on how the different approaches
analyzed work, with the help of pseudo-codes, that algorithms
presented were adapted from methods established in the liter-
ature.
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Table 1. Comparative Analysis of Related Approaches in Vehicular Networks

Study Approach Advantages Limitations Latency Communication

Saleem et al. [2022] High accuracy in traffic predictions Scalability issues in high-density environments High High
Yang [2022] Real-time optimization Vulnerability to server failure High High
Wang et al. [2020] Centralized Powerful processing capabilities Dependency on stable connectivity High High
Wu et al. [2018] Learning Detailed insights via loT data Limited scalability, prone to bottlenecks High High
Zhao et al. [2019] Accurate accident predictions High latency for critical responses High High
Falahatraftar et al. [2021] Predictive accuracy with large datasets Communication burden and server overload risk High High

Elbir et al. [2022] Preserves privacy Synchronization issues in high-density environments Medium Medium

Federated . L . . . . .

Kumar [2024] Learning Spatio-temporal accuracy Synchronization delays in varying regions Medium Medium

Kaur [2024] Enhanced data privacy Communication overhead, scalability challenges Medium Medium

Abedi [2024] Split Reduces communication load, increases privacy Limited by static partitioning Medium Medium

Samikwa et al. [2024] Learning Adapts to heterogeneous devices Partially centralized, potential bottlenecks Medium Medium

Zheng et al. [2024] High adaptability and efficiency Communication overhead in large datasets Medium Medium

3.1 System Model

The system model employed in this work comprises vehicles,
the set R of Roadside Unit (RSU), the set .S of roads in the
monitored city, and a remote server in the cloud. The city
is divided into |R| regions, where |R| = m represents the
number of RSUs in the scenario. Each road in the city is
denoted as s; € S = {s1, s2,..., 5y, }, Where n is the total
number of roads on which vehicles circulate and communicate
with the RSUs. EachRSUr; € R = {r1,7r2,..., 7 m } cOVers
a specific area, sensing and collecting data from all vehicles
in the respective region. In this context, the RSUs act as urban
sensors, collecting parameters such as vehicle speed, average
number of vehicles, fuel consumption, and CO, emissions.
Finally, the RSUs communicate with the remote server via
wired connections.

3.2 Data Collection

RSUs collect CO, emissions data at regular intervals of 10
seconds that are naturally sent in vehicular networks or by
sensing and measuring the CO, emissions within the region.
This data collection occurs through two main methods: (i
beacon messages, which are periodically broadcast by vehi-
cles as part of standard vehicular communications, and (i)
direct sensing of CO5 emissions within the coverage area
of each RSU. Each RSU r;, operating in a specific region,
monitors the roads in its vicinity and collects emissions data
from passing vehicles. CreB et al. [2024]

This arrangement generates a time series of COy emis-
sions recorded over time. For each r;, a time series is
constructed based on the movements of vehicles in its re-
gion. The collected data can be represented as a vector
Xt = {z},2%,...,xL}, where k denotes the total number
of time steps. Each element of this vector consists of a tu-
ple: xz = (timestamp, vehicleld, roadld, COs) where
for each record xé Vi e {1,2,...,k}, the timestamp repre-
sents the exact time at which the data was captured, vehicleld
is a unique identifier assigned to each vehicle, roadld is the
road segment where the vehicle is located during data col-
lection, and C'O; is the CO5 rating level calculated for that
vehicle at that time.

Each dataset X consists of a continuous time series that
reflects the dynamic changes in CO5 emissions as vehicles
travel along different road segments. This comprehensive
dataset provides crucial information about emissions across
multiple regions and time periods, making it valuable for

building predictive models. Before training, the dataset un-
dergoes a pre-processing step, forming a new dataset D =
(X,Y), where X is data collected up to a certain time and
Y is data collected from that time up to a prediction horizon
7. The idea is that this new set D is used to train a machine
learning model hg(-), with parameters 6, to predict new COx
emission data, approximating a real and unknown function
f, given by f(x;, 7) = y where x; is the input vector, and 7
is the horizon that defines how far into the future the value
should be predicted.

The goal, therefore, is to train a machine learning model
hg(-) to learn a mapping X — Y by adjusting its set of
parameters 6 to minimize a loss function L:

1 |Y']
L= mZ(yi_hG(X))Q M

€Y

The loss function L measures the prediction quality pro-
vided by the model h(-) with the set of parameters 6. The
better the model, the lower its cost. Thus, we consider three
different learning approaches (CL, FL, and SL) to train the
model h(-) with respect to the loss function L, which will be
described in the following subsections.

3.3 Learning Approaches

In the CL approach, the raw data collected from vehicles and
RSUs is transmitted to a central server, where the model is
trained on the complete dataset. This allows for a comprehen-
sive understanding of the data and often results in high model
accuracy. However, it introduces latency, privacy risks, and
high communication overhead due to the transmitted data
volume.

The goal of the CL approach is to minimize the loss func-
tion L over the aggregated dataset D from all RSUs, optimiz-
ing the model parameters 6 of h(-):

0 =argmin ) L(hg(2).y). )
(x,y)eD

To minimize this equation the gradient descent is used itera-
tively to update 6:

0 =0i—1—n-VoL(ho(x),y), 3)

where 7 is the learning rate and V is the gradient calculated
over the parameters 6.
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The algorithm 1 describes a CL process where the cen-
tral server initializes a model h(-) with parameters 6. At
each time step ¢, each RSU r; in the set R collects local data
D! and sends it to the server. The central server then aggre-
gates the data from all RSUs, forming a complete dataset
Dy = Zfil D:. To train the model, the server iteratively
processes each minibatch (x g, y5) of the dataset, computing
the gradient Vg L(hg(z ), yp) based on the loss function L
and updating the model parameters using (3). This process
continues at each time step, ensuring that the model is trained
centrally using the aggregated data.

Algorithm 1 CL

Input:model h(-), initial parameters 6, number of time steps
T and collection of RSUs R.

1: Initialize model h(-) with parameters 6, on the central

server

2: for each time step t€ {1,2,3,...,7} do

3 for each RSU r; € R do

4 Collect data D¢

5 Send D! to the server
6: end for
7
8
9

Aggregate all data D; = Z? D!
for each minibatch (xg,ys) C D; do
: Compute gradient Vo L(ho(z5),yB)
10: Update 0; < 0;_1 —n-VgL(h.g(xB),yB)
11: end for
12: end for
13: Return:hg,(+)

FL distributes model training across each RSU. Each de-
vice trains a model locally on its own data, transmitting only
the model updates (e.g., weights or gradients) to a central
server, which aggregates them into a global model. This ap-
proach enhances privacy and reduces data volume, but it may
introduce challenges related to latency and synchronization.

In FL, each RSU r; € R, in each round ¢, computes its
local model update A§: by optimizing the parameters on its
dataset D;. The server aggregates these updates using some
strategy, such as weighting the updates by the size of the
respective dataset and adding them to the parameters from
the previous round:

IR

1 7 7
oy > A6; - D] )
=1

Oy < 041 +

where |R| is the set of RSUs. The local update Af? is

calculated as: 0! — 6, 1, and the parameter 6! at client 7 and
round ¢ is calculated as:

0; = 6,1 —n-VoL(hg(x),y) for (z,y) € D;.  (5)

where 7 is the learning rate, L is the loss function, and
hg(+) is the model learned based on parameters 6.

Algorithm 2 describes a FL process where a global model
h(-) with parameters 6 is initialized at the server. For each
communication round ¢, the server distributes the current
global model #;_; to all RSUs in parallel. Each RSU per-
forms a local update by setting its parameters 0% < 0,1
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and iteratively processing each minibatch (zp,yp) C D;.
During this local training, the RSU computes the gradient
VoL(ho(zp),yp) based on the loss function L and updates
its local parameters using (5). After completing local train-
ing, each RSU sends its local update A§: back to the server.
The server aggregates these local updates using (4) and dis-
tributes the updated global parameters ¢, to all RSUs in the
next round. This iterative process allows the model to be
trained collaboratively without centralizing the data.

Algorithm 2 FL
Input: model A(-), initial parameters 6y, number of rounds
T and collection of RSUs R.
1: Initialize the global model h(-) with parameters 6y on
the server.
2: for each round of communication t€ {1,2,3,...,T} do
3 for each RSU r; € R in parallel do
4 Local Update: 0% < 0,
5 Collect data D
6: for each minibatch (zp,yg) C D; do
7
8
9

Compute gradient Vo L(ho(z5),yB))
Updates 0% < 0i —n - VoL(ho(zp),y5))
end for
10: Sends the local update A = 0% — 6,1 to the
server

11: end for

122 Aggregation: 0, < 0, 1 + ID—lt‘ STIE A - D

13: Distributes updated 6 to each RSU

14: end for

15: Return: hg,. () =0

In SL the global model is divided into two segments: an
initial segment hlg (+) processed locally on RSUs, and a final
segment b (-) processed on the central server. The RSUs pro-
cess their data through R}, (+), generating intermediate outputs
sent to the server for further processing. This method reduces
data transfer volume but may be affected by network stability
and latency due to intermediate data transfer.

In each round ¢, each RSU computes an intermediate output
O; = hl(D?). The server processes O; with hj(+) to mini-
mize the loss L(hj(O;), y;) and updates the model parameters
0° via gradient descent. Specifically, the server updates 6°
according to the gradient Vs L(hj(O;),y;), scaled by the
learning rate 7, so that hjj(O;) gets closer to the true labels
y;. This is done every second round:

This approach allows the server to learn from decentralized
data while reducing communication costs, since only inter-
mediate outputs are shared instead of the raw data.

The Algorithm 3 describes the SL process, where a model
hg is split into a local part hl, with parameters ' on the
devices (RSUs), and a part on the server hj, with parameters
6°. For each communication round ¢t € {1,2,3,...,T},
each RSU r; € R performs a local forward pass, computing
O; = hi(D?) using its local data D} and sending the output
O; to the server. At the server, the received outputs O; are
used to compute the gradient V- L(hj(O;)) based on the
loss function L. The server updates its parameters using
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Algorithm 3 SL

Input: partial models A!(-) and h*(-), initial parameters 6},
and 6, number of rounds 7" and collection of RSUs R.

1: Initialize partial models ), hj with parameters ¢, on
devices and 6§ on server.

2: for each round of communication ¢ € {1,2,3,...,T}
do

3 for each RSU r; € R in parallel do

4 Collect data (x;,y;) € Di

5 Forward Local: Compute O; = hl,(z;)

6: Send O; to server

7 end for

8 Server Update:

9: for each O; do

10: Compute gradient Vg=L(h5(0;), ;)

11 Update 67 < 65_; —n- Vo= L(h5(0;),y;)
12: end for

13: Send the updated gradient V- back to each RSU to
end the backpropagation process.
14: end for

05 < 0;_1 —n - Vo=L(h§(0;)), where 1 is the learning rate.
After the server-side update is complete, the server sends
the updated gradient Vs back to each RSU, completing the
backpropagation process and updating its local parameters.
This coordinated training enables distributed learning while
maintaining device-level data privacy.

4 Performance Analysis

In this section, we discuss the simulation environment, data
processing techniques, and model configurations used to eval-
uate CO- emissions prediction in urban vehicular scenarios.
The evaluation considers various traffic patterns simulated
with realistic mobility traces (TAPASCologne, LuST, and In-
TAS) within the SUMO platform. We examine three machine
learning models—LSTM, CNN, and CNN+LSTM trained
using CL, FL, and SL strategies, each one tested on diverse
traffic data. The analysis includes performance metrics such
as Mean Squared Error (MSE) and Root Mean Squared Error
(RMSE), communication overhead, and the accuracy impact
across different prediction horizons and learning methods,
providing a comprehensive understanding of the models’ pre-
dictive abilities and resource requirements.

4.1 Simulation Platform

The experiments were conducted using Simulation of Ur-
ban MObility (SUMO) Krajzewicz and et al. [2012] version
1.16.0, a highly adaptable vehicular traffic simulation plat-
form. SUMO was connected to our Python 3.12.0 implemen-
tation using the TraCl interface, which allows for real-time
interaction and data extraction from the simulation, using
the codes developed in the repository', responsible for ex-
tracting the desired data from each scenario. We utilized
three well-known realistic vehicular mobility traces: TAPAS-
Cologne Uppoor et al. [2013], Luxembourg SUMO Trace
(LuST) Codeca et al. [2017], and a InTAS Lobo et al. [2020].

"https://github.com/carnotbraun/UMI
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These traces provide 24 hours of vehicular mobility data,
allowing for a comprehensive evaluation across different traf-
fic patterns. In each scenario, 30% of the total traffic was
simulated to replicate typical urban vehicular environments.

The RSUs’s positions were considered based on the Open-
CelliD? information. Each RSU is responsible for collecting
data from all the roads within its coverage area. A Fast Eth-
ernet link is considered to connect each RSU to the remote
server, ensuring sufficient bandwidth for high-frequency data
transmissions. In this setup, RSUs act as clients in each train-
ing approach, aggregating and sending data based on their
coverage zones.

The variety of data that can be processed includes fuel
consumption, noise emissions, COy emissions, Nitric Ox-
ide (NOx) emissions, and average vehicle speed within each
RSU’s coverage area’. In our study, we focused exclusively
on CO9 emissions for training and evaluating the Machine
Learning (ML) models, with data split into training and testing
sets using a 65/35 ratio. This split was maintained consis-
tently across different time intervals, as illustrated in Figure 2,
which shows the time series data collected for each scenario.

The Scenarios traces provide realistic traffic patterns and
vehicle behaviors, essential for robust model evaluation.
TAPASCologne simulates traffic flows over a large urban
area, with high-density traffic around specific urban points,
while LuST provides a detailed representation of a smaller
region as well InTAS. Each trace’s duration was divided into
intervals that allow for time series analysis of CO2 emissions,
focusing on temporal changes and predictive modeling.

For the simulations, 12 RSUs were considered for each
scenario, which had a coverage radius of approximately 2
kilometers. In addition, 50 training epochs were considered
for the centralized approach and 10 rounds with 5 epochs for
the SL and FL for the experiments.

4.2 Model’s Description

The LSTM architecture includes a 50-unit LSTM layer to
capture temporal dynamics, followed by a dense layer with
32 neurons using ReLU activation, and a single output neuron
for continuous prediction. The CNN architecture consists of
a Convl1D layer with 64 filters and a kernel size of 2 using
ReLU activation, a MaxPooling1D layer to reduce spatial
dimensionality, a flatten layer, dense layers with 50 and 32
neurons using ReLU, and a single output neuron for continu-
ous prediction.

The CNN+LSTM architecture combines a Conv1D layer
with 64 filters (kernel size 2, ReLU activation), a MaxPool-
inglD layer, a 50-unit LSTM layer, a dense layer with 32
neurons using ReLU, and a single output neuron for continu-
ous prediction.

We use the Adam optimizer and MSE loss for all networks
with a learning rate of 0.001. In SL, each architecture is di-
vided at the dense layer with 32 neurons: the initial layers
remain on the client side, while the final layers are on the
server side. In FL, all clients maintain the complete architec-
ture, and the server’s role is limited to receiving the model

2https://www.opencellid.org/
3https://sumo.dlr.de/docs/Simulation/Output/
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Figure 2. Example data (CO2 emission in grams x 1000) of Roadside Unit (RSU) used for the training and prediction processes in each vehicular mobility

scenario and learning approch

weights, aggregating them, and returning the updated weights
to each client.

4.3 Evaluation Metrics

The performance of each learning model was assessed using
three primary error metrics: (i) MSE and (ii)) RMSE. MSE
quantifies the average squared difference between predicted
and actual values, making it particularly sensitive to larger
prediction errors. Conversely, RMSE offers an interpretable
error metric by taking the square root of MSE, ensuring er-
ror measures remain on the same scale as the original data
values. These metrics together provide a comprehensive un-
derstanding of the models’ predictive accuracy by capturing
both small and large error contributions.

In addition, the overhead was measured to assess the time
spent by each learning approach, which refers to the time
required for training the model considering all iterations be-
tween client and server, in other words it considers the training
time (feed forward and backpropagation) and transmission
time (model and gradients shared between client and server
considering uplink and downlink). This metric captures both
directions of communication in each round and reflects the
total time overhead introduced by the learning framework in
the vehicular environment.

4.4 Results and Analysis

Table 2 presents the RMSE values of the models discussed in
previous sections for CO, prediction. We can see that LSTM
generally shows the lowest RMSE values, indicating better
performance in CO; prediction. However, CNN shows com-
petitive performance in some scenarios and horizons but is
often outperformed by LSTM. CNN+LSTM did not achieve
a sufficient and competitive performance, although it per-
formed well at times with the centralized method.

The FL approach demonstrates better values, indicating
the effectiveness of FL in CO4 prediction. When looking at
the SL, we can see that it shows higher RMSE values in longer
prediction horizons. As expected, RMSE values increase as
prediction horizons extend.

When analyzing the performance of CNN model, it shows
better results for shorter and intermediate horizons. CNN
outperforms LSTM in CL to LuST and InTAS scenarios, and
in SL for TAPAS.

However, LSTM generally has the lowest relative and abso-
lute growth, ranging from 2% to 7%. This trend is observed

(Min)

Overhead

at TAPAS 7 = 5 and InTAS 7 = 30. Interestingly, LSTM
demonstrates the best performance in FL across three sce-
nario, suggesting it is particularly well-suited for federated
setups in these cases.

Nonetheless, CNN+LSTM performed the worst, showing
lower results than both CNN and LSMT models. This behav-
ior indicates that CNN+LSTM model struggles to effectively
understand the data.

I FL: Communication
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[ FL: Training

[ SL: Training
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Figure 3. Overhead produced by each strategy in each scenario.

Figure 3 shows the latecy, the communication overhead as-
sociated with different learning models (CNN, CNN+LSTM
and LSTM) in the CL, FL, and SL training scenarios. The
objective of the analysis is to verify the impact of communi-
cation overhead when varying the model and training method,
focusing on vehicular network environments.

In the three models, the overhead was observed in specific
activities of each training scenario. For the centralized sce-
nario, only training on the server is considered, with data
aggregated from all collection points. In the federated sce-
nario, the overhead is segmented into three stages: training on
local devices, communication of local models to the server,
and aggregation of models on the server. In SL, the overhead
is assessed at the stages of sending activations (uplink) from
devices, partial training on the server, and returning gradients
to devices (downlink). This process makes the training time
in SL longer than the others. Otherwise, FL has to wait for
all clients to process and send back the parameters, which
causes a higher latency than centralized and SL. However,
it is important to notice that this limitation could be reduced
by parallelizing the server tasks (i.e., feed forward and back-
propagation in its model piece) at a cost of generalization.
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Table 2. RMSE results for each Al strategy for different horizons (7) and models

. Centralized Federated Split
Scenario Models

T=5 7=10 7=20 71=30 7=5 7=10 7=20 7=30 71=5 7=10 7=20 71=30
[ CNN 0.0025 0.0031 0.0039 0.0047 0.0019 0.0028 0.0036 0.0045 0.0031 0.0037 0.0048 0.0053
) CNN+LSTM  0.0028 0.0034 0.0047 0.0049 0.0019 0.0028 0.0036 0.0044 0.0033 0.0039 0.0048 0.0059
= LSTM 0.0025 0.0032 0.0040 0.0046 0.0016 0.0026 0.0035 0.0043 0.0029 0.0035 0.0045 0.0053
%’ CNN 0.0042 0.0053 0.0069 0.0080 0.0031 0.0045 0.0064 0.0077 0.0030 0.0036 0.0045 0.0055
% CNN+LSTM  0.0044 0.0055 0.0069 0.0081 0.0032 0.0045 0.0064 0.0077 0.0032 0.0049 0.0052 0.0061
= LSTM 0.0041 0.0051 0.0068 0.0080 0.0027 0.0043 0.0062 0.0075 0.0032 0.0037 0.0050 0.0052
2 CNN 0.0031 0.0036 0.0045 0.0057 0.0020 0.0029 0.0041 0.0051 0.0030 0.0035 0.0045 0.0053
E CNN+LSTM  0.0033 0.0043 0.0054 0.0056 0.0020 0.0029 0.0041 0.0050 0.0032 0.0040 0.0048 0.0058
= LSTM 0.0031 0.0043 0.0046 0.0053 0.0017 0.0027 0.0039 0.0049 0.0029 0.0038 0.0045 0.0053
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Figure 4. Comparison of the RMSE of the CNN+LSTM model in the CL, FL
and SL training scenarios, showing the impact of each approach on the
prediction accuracy in different time horizons.

In the figure 4 presented for the CNN+LSTM model,
the RMSE is analyzed in three different scenarios (LUST,
TAPAS, INTAS) for the centralized, FL and SL ap-
proaches. RMSE is a performance metric used to evaluate
the accuracy of the model’s predictions in different forecast
horizons (7 = 5, 7 = 10, 7 = 20 and 7 = 30).

In the centralized scenario Figure 4(a), it is observed that
the RMSE is consistent across the forecast horizons for each
approach, maintaining relatively low values. The LUST ap-
proach presents RMSE values close to 0.005, while TAPAS

and INTAS present smaller variations, with INTAS main-
taining the lowest RMSE values among the three approaches.
This suggests that, in the CL scenario, the CNN+LSTM model
has a stable performance in terms of prediction error, with
less variability among the evaluated approaches.

In FL Figure 4(b), the RMSE shows a slight increase com-
pared to the centralized scenario, especially in longer forecast
horizons. The LUST approach, for example, achieves RMSE
values around 0.007, while TAPAS and INTAS maintain
a slightly lower variation. This increase in RMSE can be
attributed to the division of data between devices in the feder-
ated scenario, which impacts the accuracy of the forecasts due
to the heterogeneity of the local data. However, as in the cen-
tralized scenario, the INTAS approach continues to present
the lowest RMSE values, indicating greater robustness of the
CNN+LSTM model when applied in this method.

For SL Figure 4(c), we can see that the error remains at
more intermediate levels than the previous approaches, that
is, SL achieves lower error than FL, but higher error than CL.
Since only part of the model is trained locally before being
sent to the server for further processing, there is a possible
loss of accuracy due to the fragmentation of the training. In
short forecast horizons, the RMSE tends to be comparable
to that of the centralized scenario, benefiting from the lower
communication load. However, for longer horizons, there was
a gradual increase in RMSE, although to a lesser extent than
in the federated scenario, due to the coordination between
the local and server stages, which may introduce a slight
degradation in the accuracy of the predictions.

In summary, the federated scenario presented the lowest
RMSE for the CNN+LSTM model, offering high accuracy
due to the complete training on the server with aggregated
data. In the federated scenario, the RMSE increases slightly,
especially in longer horizons, due to the division of data be-
tween devices, which reduces accuracy. In SL, the RMSE is
at an intermediate level, with performance close to the cen-
tralized one for short horizons, but a slight degradation in
long horizons, since the model is trained in separate parts
between the devices and the server. Each scenario, therefore,
brings a different balance between accuracy and communi-
cation efficiency. Finally, we also noticed that the LUST
scenario was consistently more accurate in both approaches,
suggesting a superior performance in mitigating the impacts
of data distribution.

Figure 5 represents the regression line for test data for
each solution; We evaluate the global model on a centralized
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Figure 5. Predictions Comparison between Learning Approaches

set of all test data. The points closest to the diagonal indicate
lower error. Note that all solutions showed promising results,
indicating the model’s convergence and learning. However,
for higher CO5 emission values, all three approaches start
to exhibit instabilities, as seen in the 6000 to 8000 intervals.
This instability suggests that further tuning may be required
for improved accuracy in higher emission ranges.

5 Conclusion

In conclusion, the framework study demonstrated machine
learning models’ effectiveness in predicting COsemissions
in different vehicular mobility scenarios, using centralized,
FL, and SL approaches. Simulations with different mobil-
ity scenarios (TAPASCologne, LuST, InTAS) and learning
methods allowed an in-depth analysis of the performance of
CNN, CNN+LSTM and LSTM models.

This work investigated the use of machine learning in ve-
hicular networks for predicting COqemissions, highlighting
LSTM as the model that presented an effective combination of
accuracy and efficiency, especially in federated learning. This
makes it promising for applications in urban environments
with communication limitations. The analyzed approaches
contribute significantly to the understanding of the trade-offs
between accuracy and communication overhead in vehicular
networks, encouraging the development of balanced solutions
between high accuracy and resource efficiency.

In future work, we intend to consider additional metrics to
evaluate the framework, implement more robust algorithms
for distributed methods, and explore new models and datasets
that can be applied.
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