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ABSTRACT This paper presents a scalable big data infrastructure designed to support traffic optimization
and accident prevention in automated and connected road environments. The proposed system integrates
real-time data acquisition from heterogeneous sources, including multichannel roadside camera gantries and
IoT-enabled vehicle telemetry. The architecture is built upon technologies such as Apache Kafka, Apache
Beam, and MongoDB, enabling high-throughput data ingestion, processing, and storage. To validate its
performance, two experimental use-cases were developed: one for large-scale image ingestion and another
for vehicle telemetry data streaming. The system successfully handled over 48 GB of image data and
more than 3.4 million telemetry messages under real-time constraints. Results show that applying data
compression techniques—such as resolution reduction and transmission throttling—reduced image upload
durations by up to 77%, improving ingestion efficiency without compromising system robustness. These
findings demonstrate the feasibility of deploying the proposed infrastructure as a foundational layer for
future intelligent traffic management systems.

INDEX TERMS Big data, real-time, intelligent transportation systems (ITS), infrastructure, streaming, V2X
communication.

I. INTRODUCTION
The vehicle automation technologies have been increasing
recently, driven by the significant development of Intelligent
Transportation Systems (ITS) [1], [2]. The deployment of
connected vehicles forms the cornerstone of the evolving
transportation paradigm. Establishing connections between
vehicles and the infrastructures they navigate is essential [2],
[3]. This connectivity enables sharing, querying, as well
as validation and recommendation of driving-related infor-
mation. Consequently, vehicles can assist human drivers in
decision-making and even support other vehicles, including
autonomous ones [4].

The associate editor coordinating the review of this manuscript and

approving it for publication was Huan Zhou .

Connected vehicles encompass not only autonomous
cars but also manually driven vehicles equipped with
advanced driver-assistance systems (ADAS) and vehicle-
to-vehicle (V2V) communication [1], [4], [5]. On the one
hand, they can send and transmit status updates, inform-
ing other vehicles on the road. On the other hand, they
can utilize information generated by their own sensors and
obtained through external communications to improve their
decision-making process during driving [4], [6]. Figure 1
illustrates a connected autonomous vehicle with numer-
ous sensors, grouped into several categories [4]: long-
range radars, short- and medium-range radars, cameras,
or LiDAR. On the other hand, existing connections occur
not only between vehicles but also with road infrastructures.
The types of connections include Vehicle-to-Vehicle (V2V)
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connections, Vehicle-to-Infrastructure (V2I) connections,
and Infrastructure-to-Infrastructure (I2I) connections [1], [7].
These connections are illustrated in Figure 2.

FIGURE 1. Sensor set in connected autonomous vehicles.

FIGURE 2. Connections between elements in automated roadways.

The efficient management of the data generated by these
systems, which includes both visual information and vehicle
telemetry, has become a challenge for autonomous driving
systems. Despite this, recent research has proposed alter-
native solutions, such as the use of distributed multi-agent
reinforcement learning for cooperative resource manage-
ment in vehicular environments [8]. However, many of these
proposals focus on simulated environments or specific sub-
systems, so there is still a gap in the practical implementation
of big data infrastructures that are scalable, modular, and
capable of operating in real time with heterogeneous data
under real conditions. This proposal differs from other alter-
natives mainly in its experimental validation with real data,
its ability to integrate both fixed and mobile sensors, and
its direct focus on direct applicability in automated traffic
environments.

The proposed model consists of a system that captures and
stores information obtained from different sources. In this
regard, the system consists of a server with two different
databases. The first one is an SQL database that stores struc-
tured data for offline data analytics, and the second one is a
NoSQL database for raw data collected from vehicles or road
infrastructures. Example of possibles uses include process-
ing the stored information in real time aimed at providing
real-time recommendations to drivers, providing structured
information ready to be used for different off-line studies

and analysis, etc. This model differs from other alternatives
mainly in its experimental validation with real data, its ability
to integrate both fixed andmobile sensors, and its direct focus
on direct applicability in automated traffic environments.

The objective of this research is to design, implement,
and evaluate a scalable big data infrastructure capable of
ingesting and processing heterogeneous real-time data from
roadside and onboard IoT devices. The proposed system aims
to support automated decision-making in connected vehicles
and traffic control centers, thereby enhancing traffic flow
efficiency and accident prevention capabilities.

The main contributions of this paper are as follows:

• A novel architecture for vehicular big data ingestion
integrating fixed and mobile sensors.

• A practical deployment and evaluation in two real-world
use-cases involving high-frequency image and telemetry
data.

• An empirical performance analysis demonstrating the
system’s adaptability through resolution adjustment and
transmission throttling mechanisms.

• A discussion on the feasibility of this infrastructure to
serve as a foundation for future vehicle-to-everything
(V2X) applications.

The remainder of the paper is organized as follows:
Section II reviews related work in intelligent transportation
systems and V2X communication. Section III presents the
methodology, detailing the design principles and require-
ments, the proposed infrastructure architecture with the
selection of key technologies, the prototype deployment envi-
ronment (hardware, software and network), and describes the
two experimental use cases: gantry camera image capture and
vehicular telemetry data collection. Section IV presents the
results and analysis of the experimental validation of these
use cases. Section V discusses the practical implications,
challenges and opportunities for the actual implementation of
the system, as well as its effects on ITS. Finally, Section VI
draws conclusions, highlights the potential of the system
and suggests areas for future lines of research, including the
integration of emerging technologies and attention to security
and privacy.

II. RELATED WORK
The foundation of connected and automated driving lies in
reliable V2X communication and scalable infrastructure to
handle the massive data volumes these systems generate. Var-
ious studies have addressed key elements of this ecosystem.

Advanced driver-assistance systems (ADAS) are pivotal
in the evolution of Intelligent Transportation Systems (ITS),
enhancing vehicle safety and efficiency through real-time
information and automated support. These technologies
range from basic features like lane departure warnings
and adaptive cruise control to advanced systems such as
automatic emergency braking, representing various levels
of vehicle automation and aiding the transition towards
fully autonomous vehicles [9], [10], [11]. Integral to this
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are Vehicle-to-Infrastructure (V2I) and Vehicle-to-Vehicle
(V2V) components, which enable real-time data exchange
between vehicles and infrastructure, crucial for the con-
nectivity of autonomous vehicles [10]. The transmission
of millimeter-wave 5G/6G with adaptive analog beamform-
ing is set to enhance future mobile networks’ capacity and
efficiency, essential for autonomous vehicle connectivity
[12], [13]. V2X communications, encompassing interac-
tions between vehicles and their environment, improve
decision-making by providing informed data and proac-
tively avoiding potential accidents [10]. The integration of
advanced AI technologies and frameworks like V2X has
propelled the development of autonomous driving systems,
facilitating real-time decision-making and adaptation to var-
ious driving environments through features like Adaptive
Cruise Control (ACC), Automatic Lane Centering (ALC),
Forward CollisionWarning (FCW), and Lane Keeping Assist
(LKA).

Smart roads integrate technologies such as IoT to manage
traffic in real-time, using infrastructure capable of predict-
ing and detecting non-connected vehicles. These systems
optimize routes, parking, and lighting, enhancing safety and
road maintenance [14]. Advancements in connected intel-
ligent transport systems (C-ITS) have paved the way for
smarter and safer road infrastructure, allowing real-time
data exchange between vehicles and traffic infrastructure to
optimize decision-making processes. This technology has
been shown to enhance traffic flow and reduce accident
rates, particularly in complex road scenarios like roundabouts
[15]. Kussl and Wald [16] propose a conceptual model for
road transformation, positioning smart mobility as a cru-
cial factor in infrastructure evolution. This model includes
adaptive planning approaches, advanced technologies, and
real-time management and monitoring systems, as well as
services like electric vehicle charging stations and vehicle-
to-infrastructure communication. It also emphasizes the need
for organizational adaptations to effectively manage these
innovations. It is essential to equip smart roads with sys-
tems that can collect real-time event data. Ranyal et al [17]
highlights the importance of using smart sensors and AI
to maintain the integrity and safety of road infrastructure.
Beyond traffic control, these systems allow the detection
of infrastructure failures, enabling preventive maintenance.
To develop these systems, it is crucial to select technolo-
gies that support real-time data collection and analysis.
Relevant technologies include messaging platforms, SQL
and NoSQL databases, and real-time processing systems
including Apache, Mosquitto, and Cassandra among others.
Therefore, it is essential to start with a careful selection of
candidate tools, thoroughly evaluating their advantages and
limitations.

Recent approaches have explored the integration of AI-
driven decision-making mechanisms into vehicular environ-
ments. For example, the use of Distributed Multi-Agent
Reinforcement Learning (MARL) for cooperative edge
caching has demonstrated potential in reducing latency and

improving content availability in vehicular networks [18].
Similarly, incentive-based offloading strategies in Vehicular
Edge Computing (VEC) environments have proven effective
for balancing resource allocation and network efficiency [19].

However, many of these works are either simulation-based
or focus on specific subsystems. Our work differs in that
it integrates a complete and deployable infrastructure that
has been validated under real-time conditions with both
video and telemetry data sources. Moreover, our modular
design allows for extension and integration with decision-
making subsystems, forming a bridge between infrastructure-
level data acquisition and higher-level AI-based traffic
management.

III. METHODOLOGY
This section presents the methodological approach followed
to design and validate the proposed big data infrastructure
for intelligent traffic systems. The research was structured
around five main stages: (A) identifying key system require-
ments for real-time traffic data processing, (B) selecting and
integrating appropriate technologies, (C) deploying a pro-
totype on a controlled hardware-software environment, (D)
collecting data from realistic sources and simulations, and (E)
evaluating system performance through defined metrics (See
Figure 3).
Design Principles and Requirements:
The design of the infrastructure was guided by the need for:

• High throughput for both image and telemetry data.
• Low latency in ingestion and processing pipelines.
• Compatibility with resource-constrained IoT devices.
• Modularity to support integration with future AI-based
decision systems.

These criteria are fundamental in the context of connected and
automated roads, where real-time data acquisition and deci-
sion support must be both reliable and scalable. The following
architecture has been designed to meet these criteria.

A. INFRAESTRUCTURE ARCHITECTURE
The proposed solution is based on a big data architec-
ture composed of multiple interconnected services, which
ensures the efficient management of data flow for processing
and storage [2], [13]. The architecture is divided into three
main functional units: (1) Data ingestion and processing ser-
vices, (2) Data storage services and (3) REST API for data
query by external sources. In the following, the functions of
these functional units are detailed in more detail. Figure 3
illustrates the main components of the proposed software
architecture.

The selection of appropriate technologies depends on
the specific services and requirements of the infrastructure.
In this regard, the system is designed to offer three main
services: data ingestion and processing, data warehousing,
and provide an adequate API for external data queries. A sum-
mary of these tools is listed below:
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FIGURE 3. System architecture.

• Apache Kafka [20]. Distributed messaging platform
used to handle large volumes of real-time data. Its
main advantages are high scalability and data durabil-
ity. However, it requires advanced configuration and
management.

• Apache Beam [21]. A unified model for defining data
processing pipelines across multiple execution environ-
ments. It is highly flexible and supports portability.
Still, it may require specialized development knowledge,
especially for complex transformations.

• Eclipse Mosquitto [22]. Lightweight MQTT bro-
ker ideal for resource-constrained architectures and
intermittent connectivity. It is platform-independent
and allows local caching. However, it is limited in
high-performance environments and less suited for mas-
sive data throughput.

• MariaDB [23]. A SQL database compatible with
MySQL that improves replication and query handling.
Being open source, it facilitates maintenance and migra-
tion. Nevertheless, it may struggle with very large data
volumes.

• MongoDB [24]. Flexible NoSQL document database
supporting sharding and replication. It enables high hor-
izontal scalability and performance. However, in certain
cases, it may be less efficient compared to traditional
relational databases.

• Cassandra [25]. A NoSQL database optimized for
large-scale deployments with high availability. It offers
consistent performance across distributed systems, but it
is complex to configure and maintain and was therefore
discarded in favor of MongoDB.

• Firebase Firestore [26]. Managed NoSQL database
offering real-time synchronization and easy integration.
It automatically scales and is suited for mobile/web
apps. Its main drawback is the dependency on Google
Cloud, which introduces vendor lock-in.

• SQLite [27]. Embedded SQL database with very low
resource consumption, ideal for local applications. How-
ever, it is not suitable for large data volumes or
production-level traffic data ingestion.

• Amazon Kinesis [28]. A managed real-time data
streaming service from AWS. It scales easily without
requiring infrastructure management. The dependency
on Amazon and its associated costs led to its exclusion.

• RabbitMQ [29]. Flexible, low-latency messaging sys-
tem for inter-process communication. While fast for
smaller data volumes, it does not scale as well as Kafka
when dealing with large-scale streaming data.

• Apache Spark [30]. High-performance engine for
large-scale batch and stream data processing. It provides
excellent speed and flexibility but requires complex
resource management and infrastructure setup.

• Google Cloud Dataflow [31]. Managed service based
on Apache Beam for processing data in Google Cloud.
It offers automatic scaling and integration but is limited
to the Google Cloud ecosystem.

• Apache Flink [32]. Stream processing engine focuses
on event-driven applications. It provides excellent per-
formance for real-time tasks but offers less integration
flexibility compared to Apache Beam.

• CouchDB [33]. A document-oriented NoSQL database
that supports distributed replication and flexible data
formats. However, its performance is lower compared to
alternatives like MongoDB.

The following points discuss the selection of suitable tech-
nologies for each of these services.

1) DATA INGESTION AND PROCESSING SERVICES
This service is responsible for collecting and processing
data from various information sources. The ingest service
must efficiently handle large volumes of information while
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maintaining data integrity It must also support the col-
lection of lighter data with minimal resource usage and
process unstructured data, restructuring it for further analysis.
To meet these requirements, the following technologies have
been selected for this system:

1. Apache Kafka [34]: This is the service responsible for
streaming data collection, ensuring that the received
data can be properly labeled for further analysis and
processing. Apache Kafka was chosen for its ability
to handle large volumes of data with high reliability.
It also allows seamless scalability without downtime
and ensures data durability through disk storage. Ama-
zon Kinesis and RabbitMQ were also considered but
ultimately excluded. Kinesis was ruled out due to its
dependency onAmazon’s cloud and the associated high
costs, while RabbitMQ was excluded because it lacks
the capacity to handle large data volumes as effectively
as Kafka.

2. Apache Beam [21]: This service is responsible for
managing the data streams collected through the data
collection service. It processes the information for
analytics, recommendations, or structure for proper
storage, depending on the origin or utility of the
data received. It was selected as a unified data pro-
cessing model, allowing for the definition of various
data pipelines across different execution environments.
Its flexibility makes it adaptable to diverse infras-
tructures and data processing requirements, while
simplifying development by abstracting technical com-
plexity. Considered alternatives, but finally discarded,
includeApache Spark, which involves a difficult imple-
mentation due to its detailed resource management
requirements; Google Cloud Dataflow, which creates
a high dependency on Google Cloud infrastructure;
Apache Flink, which was found to be less flexible in
terms of integration with other systems.

3. Eclipse Mosquitto [35]: For telemetry data collec-
tion, the MQTT protocol is used to receive real-time
data, which then is passed to the Kafka broker [36].
It was chosen for its lightweight and efficiency, making
it a suitable choice for resource-limited architecture.
As a cross-platform solution, it operates on nearly any
operating system and allows local data storage to be
transmitted once connectivity is reestablished. EMQX
and RabbitMQ were initially considered but finally
excluded: the first due to its higher configuration and
maintenance complexity, and the later for being less
efficient given the project’s resource constraints.

2) DATA WAREHOUSING SERVICES
This service enables the storage of huge amounts of collected
data, which can later be accessed by other hosts via REST
API. It can be used to generate models for recommending,
managing, or validating data, as well as exploring other
infrastructure options. This system includes two distinct data
storage units:

1. NoSQL server for unstructured data: This server
is responsible for collecting that information without
concrete structure collected various data collection and
ingestion systems. The prosed server utilizes Mon-
goDB system, which, as a documentary database,
allows for the storage of massive data for ingestion and
consultation. It can store not only data but also images,
videos and various types of documents. One of the
main reasons for choosingMongoDB is its schema-free
nature, which allows data from multiple heterogeneous
sources to be stored without the need for a predefined
structure. This provides great flexibility when work-
ing with diverse and constantly evolving data formats.
In addition, MongoDB supports efficient indexing and
querying, making it suitable for real-time and offline
analytics workflows. It also supports sharding, which
facilitates horizontal scalability, and offers high perfor-
mance with support for indexing and data replication.
Discarded tools include Cassandra, due to its mainte-
nance complexity; CouchDB, which was found to be
less efficient in terms of performance; and, due to its
dependency on Google Cloud infrastructure.

2. SQL Server for structured data: This server stores
information that users can access externally. It stores
data that has already been processed and previously
stored on the NoSQL server. MariaDB was selected
due to its compatibility with MySQL, which facilitates
migration and maintenance of existing applications.
It offers improvements in replication and query han-
dling compared to MySQL and is open source. Several
technologies were initially considered but ultimately
discarded. These includeMySQL, due to its limitations
in replication and query handling; PostgreSQL, for
its lesser suitability for data migration from MySQL;
and SQLite, due to its inability to manage large data
volumes.

3) DATA ACCESS REST API FOR EXTERNAL DATA QUERY
As mentioned previously, the system is designed to facilitate
access to data through the RESTAPI from various hosts. This
API allows users to download stored data or access a web
interface to visualize data related to specific points on the
roads. The primary aim is to provide users with an API that
allows to querying road data.

The API is designed to be flexible and easy to use,
enabling developers to integrate their applications with
the road data system. To this end, several key aspects
have been implemented. These include the configuration
of endpoints, creating multiple endpoints to support dif-
ferent types of queries by default, and creating endpoints
dedicated to real-time traffic data, historical road data,
and incident or accident data. Additionally, endpoints can
be modified or new ones created to accommodate new
types of queries. The default data can be downloaded in
JSON format, making it easy to integrate and process, and
can be viewed directly from a WEB API, which provide
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predefined data visualization options for queries can be
found.

B. IMPLEMENTATION ENVIRONMENT
Designing a robust Big Data server requires careful attention
to hardware, software, and network components to ensure
efficient processing and secure data management. To this end,
the prototype is built on a server machine with multi-core
processors to handle parallel processing, coupled with a large
amount of RAM to facilitate fast data processing, and with
high capacity for storage (Table 1).

TABLE 1. Hardware for the proof of concept.

The hardware configuration was selected to ensure suffi-
cient computational capacity for real-time ingestion and pro-
cessing of high-frequency data streams. The AMD Ryzen 7
7700X processor, with 8 physical cores and 16 threads
running up to 5.6 GHz, provides high parallelism and
low-latency task execution, which is essential for handling
concurrent Kafka consumers and Beam pipeline stages.
The 32 GB of DDR5 RAM allows for in-memory buffering
of large data batches and supports the execution of multiple
services without performance degradation. The 1 TB NVMe
SSD ensures high IOPS and low access latency, which is
critical for fast read/write operations during ingestion and
transformation of image and telemetry data. This setup was
sufficient to support the proof-of-concept experiments, which
involved ingesting over 48 GB of image data and more than
3.4 million telemetry messages. The system architecture is
modular and designed for horizontal scalability, allowing
future deployments to distribute workloads across multiple
nodes or migrate to cloud-based infrastructure as needed.

The server is also equipped with essential software that
includes tools for data ingestion, real-time data streaming,
message brokering, and data warehousing solutions. On the
network side, the system is also equipped with a Gigabit
Ethernet connection to ensure fast data transfer within the
data center and with external sources, and access is locked so
that it can only be accessed via a private SSH tunnel to provide
secure access and protection against unauthorized data leaks.
(See Table 2).

The architecture is designed to manage two main data
sources: streaming video from gantry cameras and vehicle
telemetry data capture through IoT devices. To this end,
Apache Kafka serves as the central broker, capturing and
centralizing all the data in the system [36]. The collected
data are subsequently stored in a MongoDB database, which

TABLE 2. Software and network configuration for the proof of concept.

organizes the information into collections. These collections
are processed by Apache Beam, which structures the data and
inserts them into theMariaDB database. This setup allows for
both the insertion of new structured data and the querying of
existing data through a REST API.

In terms of the configuration of these services, Apache
Kafka has been implemented with topics corresponding to
images and telemetry, partitioning them to allow parallel
processing with multiple consumers (although partitioning
was not used in the proof of concept due to the lack of
multiple consumers), organized so that they can be consumed
depending on the needs of the system. This structure allows
for horizontal scalability of the system, ensuring its fault
tolerance. On the other hand, Apache Beam was used to
define processing pipelines that mainly include data valida-
tion stages for migration from MongoDB to MariaDB. For
example, in the case of images, metadata was extracted from
the images and collated with the records obtained from the
data source. If there was any type of error, the data was not
processed for storage in the structured database. For teleme-
try data, transformations were applied to structure MQTT
messages into normalized records with relevant information
about the vehicle, instead of using all the information received
by telemetry. This information is then stored in MariaDB for
data analytics. This configuration allowed for low latency
and high real-time processing rates, even under high load
conditions.

C. DATA SOURCES AND SIMULATION
This section addresses the requirements for performing traffic
data capture and collection through two main approaches:
The use of image collections simulating traffic gantry
cameras, and data collected from vehicle telemetry. The
first use-case addresses the capture of vehicle image data
using cameras installed on gantries and roundabouts, and
it describes the data acquisition system that simulates the
recording and sending of images to the server. The second
use-case focuses on collecting telemetry data from con-
nected vehicles, implementing a module that sends state
car information from a vehicle the server. These two
use-cases are designed for prototype testing and validation,
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allowing the identification of potential errors before real-
world implementation.

1) TRAFFIC DATA CAPTURE VIA CAMERAS ON GRANTIES
AND ROUDDABOUTS
The objective of this study is to evaluate the effectiveness and
efficiency of the real-time traffic data capture system using
cameras installed on gantries and roundabouts. The aim is
to test the system’s ability to handle large volumes of image
data, ensure accurate data ingestion and evaluate the system’s
performance under various conditions.

In this case study, the system is tested for real-time traf-
fic data capture using multiple camera sources located at
various points, such as gantries and roundabouts. For the
simulation, camera datasets from two different public datasets
created by the Intelligent Control Systems Research Group
(SIC) of the European University of Madrid (UEM) are used:
‘‘Traffic Images Captured from UAVs for Use in Training
Machine Vision Algorithms for Traffic Management’’ [37]
and ‘‘Roundabout Aerial Images for Vehicle Detection’’ [38].
The first set consists of 15,070 images, while the second set
includes 15,474 images, giving a total of 30,544 images in the
combined set. The images in the datasets range in resolution
from 0.92 Megapixels to 2.07 Megapixels, with the weighted
average resolution being 1.82 Megapixels. Together, they
represent approximately 48GB of information. The number
of images sent by each simulated camera, as well as their
resolution, are summarized in table 3.

TABLE 3. Number of images per camera used in the simulation.

To emulate the operation of a distributed system composed
of 18 traffic cameras, a module simulating the recording
of traffic cameras and the subsequent sending of images
to the server has been implemented (see Figure 4). This

recording-sending module is developed as a standalone
Docker container, with each instance (one per camera) down-
loading images from one of the two datasets available on
the Kaggle data science platform. Each Docker container
manages the subset of images simulating single cameras.

FIGURE 4. Camera data acquisition simulation.

Once all images are downloaded, iterative processing
begins, where images are sent directly to the server. A Kafka
broker receives the data on a specific topic, and the system
automatically ingests the data into the document database,
storing images from different cameras while filtering and
identifying the source camera. This methodology includes
several iterations to observe the server’s data ingestion capa-
bilities, with different tests proposed in each iteration to
determine the best way to process the data, aiming for near
real-time performance.

Two special considerations taken in the proposed experi-
ments implementation are:

• The effect of time-lapse in images uploading is evaluated
with two distinct time constraints: uploading images at
rates of 1 second and 0.5 second.

• The effect of image resolution reduction is evaluated
with two distinct experiments: one with a 25% reduc-
tion and the second with 50% reduction in the image’s
resolution.

2) VEHICLE TELEMETRY DATA COLLECTION
The goal of this use-case is to evaluate the system’s capability
to collect real-time telemetry data from connected vehicles.
This involves testing the system’s ability to handle telemetry
data from both simulated and real vehicles, ensuring accurate
data capture, and assessing the system’s performance under
various conditions. The proposed experiment includes three
main sources of data telemetry: a real connected vehicle,
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FIGURE 5. Vehicle data acquisition simulation.

a simulated vehicle, and data provided by synthetic data
simulating a larger number of connected vehicles.

The real connected vehicle is equipped with a comma
unit that provides connectivity and a direct connection to the
vehicle’s CAN-bus [39], [40]. It can deliver vehicle informa-
tion such as speed, GPS location, and other road data. The
comma unit runs the Open Pilot, an open-source software,
which can be fed data from virtual cars simulated in the
CARLA environment [41], [42] a platform for generating
virtual traffic and driving scenarios. Additionally, synthetic
data generator, a Python program, is also used to generate
data like those produced by CARLA. In the proposed exper-
iment, the server is responsible for receiving data from two
(2) real connected vehicles equipped with their respective
comma units, three (3) simulated vehicles in the CARLA
environment, and 45 streams of information provided by the
synthetic data generator, as illustrated in figure 5.

Data collection from real and simulated data telemetry uses
the paho-mqtt service from the open-source MQTT library
which can collect information from the different sources and
vehicles.

D. PERFORMANCE METRICS
The main metric used to evaluate system performance was
the total ingestion duration for different configurations (raw,
throttled, resized). Additional qualitative observations were
made regarding system responsiveness and robustness under
concurrent data streams.

IV. RESULTS AND ANALYSIS
To assess the real-world feasibility and performance of
the proposed infrastructure, we conducted two experimen-
tal validations using deployed prototypes. The first use-case
involved a multichannel camera gantry for image acquisition
and ingestion, while the second focused on onboard vehicle
telemetry via IoT devices. Both scenarios were designed
to simulate conditions representative of connected and

automated roads. We evaluated ingestion performance based
on total data upload duration under various conditions,
including resolution reduction and transmission throttling.
The following sections describe each test and analyze the
results obtained.

A. TRAFFIC DATA CAPTURE VIA CAMERAS ON GANTRIES
OR ROUNDABOUTS
The traffic data capture experiment has allowed us to analyze
the system’s capacity to handle large volumes of data. The
tests assessed the efficiency of the system in terms of data
ingestion and processing, as well as its ability tomaintain data
integrity and accuracy. The results of the four tests carried out
to analyze the experiment were as follows:

• The first test deals with sending all images as they were
processed, with no time limitation between uploads.
Approximately 48 GB of video frame stream images,
simulating cameras, were uploaded to the data server.
The total processing and upload time was 3,401 seconds.

• For the second test, two scenarios were tested: uploading
data with a time interval of one second and half a second.
In the first case, all images were sent without prepro-
cessing, but the processing and upload time increased
significantly to 4,203 seconds. Reducing the interval to
half a second improved performance, with an upload
time of 3,738 seconds, although it was still slower than
uploading raw data.

• In the third test, was tried to reduce the size of the images
using two scales: 50% and 25% of the original image
size. The 50% reduction resulted in a load time of 1,270
seconds, showing much better performance than loading
without pre-processing. The 25% reduction improved
the loading time to 776 seconds.

• The last test combined different data loading propos-
als to find the best resolution/time ratio. Two tests
were performed: one with a 50% reduction and a half-
second delay, resulting in a total processing time of
1,855 seconds, and one with a 50% reduction and a
one-second delay, resulting in 2,098 seconds. The best
approach was to send the 50% down sampled images
with a half-second delay between uploads, achieving
near real-time data ingestion.

To validate the results, the experiments were evaluated
based on the execution and data processing time from start
to finish. These results are summarized in Table 4.

The results obtained from the image ingestion experi-
ments reveal that the raw upload scenario (3401 s) estab-
lishes a baseline for performance. Introducing a 1-second
delay (4203 s) was counterproductive, adding overhead and
increasing total duration by nearly 24%. Conversely, using
a 0.5-second delay (3738 s) provided marginal improvement
but remained above the baseline. Image resolution reduc-
tion strategies significantly improved performance. Reducing
images to 50% of their original resolution decreased the
upload time to 1270 seconds—a 62% reduction compared
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TABLE 4. Data ingestion test results.

to raw data. The 25% resolution test achieved the best
standalone result (776 s), with a 77% decrease. Combin-
ing resolution reduction and throttling produced balanced
performance. The configuration with 50% resolution and a
0.5-second delay achieved 1855 s, which, while not as fast
as the pure 25% case, maintained higher image quality while
still reducing upload time by 45%. These results suggest that
resolution reduction is the most effective single strategy for
improving ingestion time. However, combining both methods
may be preferred when balancing bandwidth constraints and
the need to preserve visual quality for later computer vision
processing (See Figure 6).

FIGURE 6. Comparison of shipping time using the raw data as a reference.

Figure 7 visually compares the data ingestion durations
under different configurations and highlights the impact of
various pre-transmission strategies.

The baseline scenario, with no optimization, required
3401 seconds to upload the raw data. Introducing a 1-second
delay between image transmissions increased the duration to
4203 seconds, while a 0.5-second delay reduced it slightly to
3738 seconds. A significant improvement was observedwhen
reducing the resolution of the transmitted images, particularly
with a 25% resolution setting, which lowered ingestion time
to 776 seconds. The most balanced result was achieved in the
cross test combining 50% resolution and a 0.5-second delay,
resulting in 1855 seconds. To better illustrate the contribution
of each factor to the total upload duration, we decomposed
the results into three estimated components: Base, Delay,

FIGURE 7. Simulated breakdown of data ingestion durations under
different test conditions.

and Compression. The Base corresponds to the time required
to upload raw data without modifications, as observed in
the baseline scenario. The Delay represents the additional
time caused by intentionally spacing out transmissions, esti-
mated by comparing the timed uploads with the baseline.
The Compression component accounts for both the savings
in transmission time due to reduced image size and any
additional processing overhead. In the combined tests, the
total duration was broken down into a reduced base (based
on image resolution), the known delay, and a residual time
attributed to compression. While these values are approx-
imate and not directly measured, they provide an intuitive
breakdown of how each strategy contributes to optimizing the
overall data ingestion process.

With these results it can be assumed that the system can
maintain a high sampling rate in data ingest even under
various operating conditions. The reduction of the image
resolution and the introduction of time intervals between
transmissions have made it possible to analyze different
strategies to optimize the performance of the system.

B. VEHICLE TELEMETRY DATA CAPTURE
As far as the vehicles’ telemetry is concerned, the test
lasted 602 seconds, the time required for the 2 vehicles
equipped with the comma.ai autopilot to complete the
assigned route. Simultaneously, the 45 simulated vehicles
in CARLA sent their telemetry data alongside them. The
transmission time-period was set to 0.5 second, resulting
in 1,204 frames of 58 individual information for each of
the 48 vehicles, totaling 3,491,600 data points lasting the
experiment a total of 602 seconds. During the experiment,
all telemetry data from both simulated and real vehicles was
successfully captured. The IoT server received real-time sig-
nals from the simulated vehicle via the modified Open Pilot
software, with no messages lost during transmission. These
parameters included essential data such as speed, position,
and direction, as well as more detailed information like the
road curvature.

The successful transmission and capture of data demon-
strated the system’s robustness and reliability in handling
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high-frequency telemetry data. The ability to accurately
record and transmit large volumes of data in real-time is
crucial for applications in autonomous driving and vehicle
monitoring. The experiment also highlighted the system’s
capability to filter and organize data from multiple sources,
ensuring that each data point could be traced back to its
respective vehicle. Furthermore, the analysis of the data
collected provided insights into vehicle behavior and perfor-
mance under different conditions. This included observing
how vehicles responded to various driving scenarios and
environmental factors. The detailed telemetry data allowed
for a comprehensive evaluation of the vehicles’ operational
parameters, contributing to the development and refinement
of autonomous driving algorithms.

No data loss was observed during the transmission from the
vehicles to the server via the MQTT protocol and the system
successfully processed information from different formats
and sources, validating its modularity and interoperability.
These findings are particularly relevant for connected vehicle
ecosystems, where robust telemetry handling is essential for
navigation and safety systems. Overall, the experiment con-
firmed that the system could effectively manage and process
real-time telemetry data from many vehicles, providing a
reliable foundation for further advancements in autonomous
vehicle technology.

Although both the image ingestion and telemetry experi-
ments were conducted under stable network conditions, the
system demonstrated the ability to handle high-frequency
data streams (0.5-second intervals) from 50 concurrent
sources without data loss or processing delays. Latency
benchmarks were not explicitly measured under varying net-
work conditions such as packet loss, jitter, or bandwidth
fluctuations. However, the architecture is designed to tolerate
such scenarios. The use of MQTT for telemetry enables
buffering during intermittent connectivity, and Kafka ensures
message durability and replay capabilities. Future work will
include controlled experiments to evaluate system perfor-
mance under degraded or unstable network environments,
which are common in real-world vehicular and roadside
deployments.

V. DISCUSSION
The implementation of a real-time data collection system
for vehicles on automated roads presents several challenges
and opportunities that require thorough analysis. A primary
challenge is the efficient management of large volumes of
real-time data. While experiments have demonstrated the
feasibility of using technologies such as Apache Kafka and
Apache Beam to manage data streams, scalability and latency
remain critical concerns. The ability of these systems tomain-
tain optimal performance in dense traffic and high demand
scenarios must be continually evaluated. In addition, while
the integration of SQL and NoSQL databases is effective,
it requires careful monitoring to avoid data consistency and
redundancy issues. Furthermore, reducing image resolution
and introducing delays between image transmissions have

proven to be effective strategies for improving system effi-
ciency. However, it is essential to consider the impact of
these optimizations on data. Excessive resolution reduction
may hinder computer vision algorithms’ ability to detect
and analyze vehicles and other objects on the road accu-
rately. Therefore, a balance between system efficiency and
data quality is crucial. Previous studies have shown that
reducing image resolution can negatively impact the accu-
racy of object detection algorithms, particularly for small
or partially occluded objects [43], [44]. In our case, res-
olution reduction was applied solely during the ingestion
phase to optimize bandwidth and processing time, not during
the execution of detection models. However, to preserve a
balance between efficiency and data quality, we selected a
50% resolution reduction as a compromise that maintained
sufficient visual detail for future analysis. Future work will
include a quantitative evaluation of object detection accuracy
under different resolution settings to better understand this
trade-off. On the other hand, the use of IoT devices for
data collection introduces additional complexities, such as
ensuring reliable connectivity and managing the various data
formats generated by multiple sensors. For this reason, the
MQTT protocol, as a lightweight messaging protocol, has
shown promise in efficiently managing telemetry data from
resource-constrained devices such as Open Pilot. For vehicle
telemetry collection, optimizing the data transmission fre-
quency and managing the volume of telemetry data is critical.
Experiments showed that the system could effectively handle
high-frequency telemetry data, providing valuable informa-
tion on vehicle behavior and performance.

To replicate this system in a real environment, several fac-
tors must be considered. The current server implementation
does not support horizontal scalability, so it is necessary
to limit the equipment to a subset of cameras managing
information only for these points. Expanding the network
will require additional servers to manage more traffic points
across an analyzed area. Another option is to employ a cluster
of distributed machines to manage the area, using containers
to acquire more computational resources as needed.

Alternatively, the proposed systems can be improved
using cloud services, but this would involve relying on
an external provider to manage and operate the system.
Compared to traditional V2X architectures, which often
rely on simulation-based evaluations or focus on isolated
subsystems, the proposed infrastructure offers a practical
and modular solution validated with real-world data. While
many existing systems emphasize theoretical scalability or
algorithmic performance, our approach demonstrates the fea-
sibility of integrating heterogeneous data sources, such as
high-frequency telemetry and large-scale image streams, into
a unified, real-time processing pipeline. Recent research,
such as the V2X-UniPool framework [45], has highlighted
the benefits of multimodal data fusion for autonomous
driving using real-world datasets. Our system complements
these efforts by focusing on infrastructure-level ingestion
and processing, offering a foundation for future extensions
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involving AI-based decision-making and large-scale deploy-
ments. From an operational point of view, the ability to collect
and analyze real-time data can significantly improve traffic
management and road safety. V2X communication systems
and advanced sensors provide detailed information on traf-
fic flow and road conditions, enabling proactive data-driven
management. However, the effectiveness of these technolo-
gies depends on the quality and accuracy of the data collected,
as well as the ability of traffic operators to interpret and act
on this information in a timely manner.

• Real-time data collection and analysis enables more
efficient and proactive traffic management, optimizing
vehicle flow, reducing travel times and minimizing con-
gestion.

• This system enables autonomous and connected vehicles
to receive real-time alerts about hazardous conditions,
improving emergency responses and reducing the risk
of human error.

• The proposed infrastructure supports more efficient
resource management by automating key processes and
reducing the need for manual intervention, lowering
operational costs.

Finally, it is crucial to recognize that the implementation of
a big data infrastructure for traffic recording and analysis is
only the first step towards a truly intelligent and autonomous
transport system. Future research should focus on continuous
system optimization, integrating emerging technologies and
fostering collaboration between researchers, car manufactur-
ers and traffic authorities.

VI. CONCLUSION
In this paper, a big data infrastructure designed for traf-
fic optimization on automated roads has been presented.
The implementation of the proof-of-concept demonstrates
the system’s ability to handle large volumes of data in real
time through two use-cases: capturing traffic images using
cameras at gantries and roundabouts and collecting telemetry
data from vehicles.

The proposed infrastructure has shown remarkable effi-
ciency in managing the ingest of traffic image and telemetry
data, maintaining data integrity and accuracy under various
conditions. Strategies such as reducing image resolution and
introducing time intervals between transmissions have sig-
nificantly improved system efficiency without compromising
data quality. The results highlight the system’s potential
for practical applications in traffic management, provid-
ing valuable information for real-time decision making and
improving road safety.

Technologies such as Apache Kafka, Apache Beam, IoT
and MQTT have shown to be effective, although scala-
bility and latency remain critical areas needing attention.
Continuous system optimization, integration of emerging
technologies such as 5G and advanced artificial intelligence,
and collaboration between researchers, car manufacturers and
traffic authorities are essential for the development of a truly
intelligent and autonomous transport system.

In summary, this work lays a solid foundation for future
implementations and improvements in intelligent transport
infrastructures, highlighting the importance of data quality
and operational efficiency in traffic management and road
safety. The ability to collect and analyze real-time data not
only optimizes traffic flow and reduces congestion, but also
improves emergency response and lowers operational costs,
laying the foundation for a safer and more efficient transport
system.

This work has made it possible to consider new lines con-
sidering the development of an arbitration system that allows
connected autonomous vehicles to make decisions based on
the data they possess, and the data captured by this system
from the road they are on. This arbitration system would
integrate real-time data frommultiple sources, allowing vehi-
cles to assess traffic conditions, identify potential risks and
optimize their routes and drive autonomously. In the same
way, future research should focus on integrating emerging
technologies such as advanced artificial intelligence and 5G
to improve processing power and system latency. In addition,
it is crucial to foster collaboration between researchers, car
manufacturers and traffic authorities to ensure that the solu-
tions developed are practical, scalable and aligned with the
needs and expectations of all stakeholders.

Finally, the implementation of real-time data capture sys-
tems raises important security and privacy concerns. The
collection and transmission of sensitive data, such as vehicle
location and speed, must be protected against unauthorized
access and cyber threats. In addition, it is essential to ensure
compliancewith privacy and data protection regulations, such
as GDPR in Europe. Implementing robust security measures
and adopting data anonymization practices are vital to miti-
gate these risks.
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