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Infrastructure Assisted Cooperative and Distributed
Perception Strategies for Connected Vehicles

by Faisal HAWLADER

The research presented in this dissertation addressed the challenge of efficiently process-
ing sensor data across vehicles, edge, and cloud platforms to support resource-intensive
perception tasks in autonomous driving.

We investigated distributed processing of perception data from three perspectives to
enhance perception accuracy, optimize network and computing resources, and meet real-
time latency constraints: (1) offloading computationally intensive tasks to edge or cloud
platforms for greater processing capacity and reduced on-board load, (2) evaluating the
impact of compression techniques such as H.265 and JPEG on perception quality and
transmission latency, and (3) exploring feature-vector transmission as an alternative to
raw or compressed data to reduce bandwidth usage while maintaining perception accuracy
and minimizing end-to-end delay.

To evaluate performance under realistic conditions, the study utilized both simulation-
based assessments and real-world experiments. Using Vehicle-to-Everything (V2X) com-
munication technologies, we analyzed compression and feature-sharing strategies for seam-
less data exchange between vehicles and infrastructure. Our findings demonstrated that
the proposed cooperative and distributed perception strategies significantly improved de-
tection accuracy and reduced processing delays compared to standalone on-board sys-
tems.
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Chapter 1

Introduction

1.1 Introduction

Despite significant progress in autonomous driving technologies [120], achieving fully au-
tonomous systems capable of navigating complex [19], dynamic [6], and uncertain envi-
ronments remains a formidable challenge [12]. At the core of these challenges lies the
perception system [82]. Tt is responsible for sensing, interpreting, and understanding the
surrounding environment. Robust perception systems are essential for detecting obstacles,
interpreting road conditions, and enabling safe navigation [69]. However, the standalone
capabilities of individual vehicles are often insufficient. These limitations are particularly
evident in scenarios with occlusions, poor visibility, or restricted sensing ranges [5].

Cooperative perception has emerged as a transformative solution to address these
shortcomings [133]. By leveraging Vehicle-to-Everything (V2X) communication [68, 70],
cooperative perception extends the sensing and interpretation capabilities of individual
vehicles [19]. It facilitates data sharing among vehicles, and infrastructure, creating a
collaborative network of perception systems [80]. This approach enhances situational
awareness, enabling autonomous vehicles to detect and respond to hazards beyond their
direct line of sight [16]. As a result, cooperative perception significantly improves safety
and efficiency in dynamic traffic environments [111]. However, cooperative perception
introduces several challenges [171]. These include managing the latency and bandwidth
constraints of real-time data exchange [57], minimizing network resource consumption [51],
and preserving critical details within shared data to maintain detection accuracy [119].

These challenges require innovative strategies that can seamlessly balance real-time
processing demands with resource constraints. Distributed processing frameworks com-
bining edge and cloud computing have gained prominence [94, 50]. Edge computing
supports low-latency, localized processing of critical perception tasks [124]. It reduces
reliance on onboard hardware by enabling real-time decision making at the network edge.
In contrast, cloud computing offers scalable resources for computationally intensive tasks,
such as high-resolution data aggregation and deep learning inference [104]. By strategi-
cally balancing these complementary approaches, distributed processing frameworks effec-
tively address trade-offs between latency, bandwidth, and computational efficiency. This
combination paves the way for robust and scalable cooperative perception systems [116].
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This dissertation advances the state-of-the-art in cooperative perception for autonomous
driving. It comprehensively explores the following aspects:

e Simulation Framework Development: Designed and implemented a compre-
hensive simulation framework to rigorously evaluate cooperative perception systems
under controlled conditions [53, 54, 55]. The framework facilitates systematic analy-
sis of critical metrics, such as latency, detection accuracy, communication reliability,
and resource utilization. It serves as a foundational tool for testing and benchmark-
ing innovative cooperative perception methodologies.

e Distributed Processing Strategies: Investigated advanced hybrid edge-cloud
offloading techniques to optimize the performance of perception systems [57, 59].
These strategies effectively balance latency, bandwidth, and computational demands
by partitioning tasks such as feature extraction and detection across edge and cloud
resources. Lightweight feature sharing techniques, including clipping and quanti-
zation, were introduced to reduce bandwidth requirements [60]. These techniques
ensure efficient data transmission while preserving detection accuracy. This ensures
the system meets the real-time requirements of dynamic driving environments.

e Communication Technologies: Evaluated the performance of communication
standards, including I'TS-G5 and C-V2X, in supporting cooperative perception [39,
56, 60]. The analysis focused on trade-offs between latency, bandwidth usage, and
perception quality. It provided actionable guidelines for selecting suitable com-
munication technologies. Additionally, compression standards such as H.265 and
JPEG were assessed to determine their impact on data transmission efficiency and
detection accuracy [57].

e Experimental Validation: Conducted extensive real-world trials to validate the
proposed frameworks and strategies [56, 60]. These experiments assessed the feasi-
bility, scalability, and robustness of cooperative perception systems. They demon-
strated the practical applicability and operational effectiveness of the proposed ap-
proaches in diverse deployment scenarios.

e Release of Driving Datasets: Curated and publicly released comprehensive
datasets encompassing both real-world and simulation-based driving scenarios [59,
57]. These datasets include diverse environmental conditions, sensor modalities,
and driving contexts. They serve as benchmarks for cooperative perception re-
search. Their release aims to advance the field and foster collaboration within the
autonomous driving research community.

Together, these contributions bridge the gap between theoretical advancements and prac-
tical deployments. By addressing challenges in computational efficiency, communication
reliability, and scalability, they provide validated solutions for cooperative perception.
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1.2 Objectives & Research Questions

Recent advancements in high-speed, low-latency networks have made it possible to trans-
mit sensor data between vehicles and infrastructure, improving road safety and extending
situational awareness beyond the limitations of local sensors. This dissertation investi-
gates the hypothesis that V2X-based data sharing can enhance safety while offering a
cost-effective perception solution for autonomous driving.

The primary objective of this work is to develop robust perception frameworks for
Connected and Autonomous Vehicles (CAVs). By utilizing cooperative perception and
distributed processing, it addresses challenges related to real-time data handling, commu-
nication latency, and perception quality.

1.2.1 Objectives

The following objectives are aimed to address the stated hypothesis through this disserta-
tion. The general objective of this research is to determine how sensor data, whether raw,
partially processed or fully processed, can be efficiently shared among connected vehicles
using V2X communication technologies.

Research Objective 1: Develop a comprehensive understanding of the literature
to formally identify limitations and define the requirements for sensor data offloading
using V2X systems. Specify key parameters that fulfill these requirements and address
the identified challenges. Determine key performance indicators (KPIs) to be evaluated
in connected and autonomous driving applications.

Research objective 2: Create an integrated system that combines a realistic sensor
simulation environment with a network simulator to facilitate the exchange of sensor data
using V2X technologies. The framework will replicate real-world scenarios to evaluate
cooperative perception systems by generating perception data closely resembling the out-
put of actual sensors. Key performance metrics such as latency, bandwidth usage, and
perception accuracy will be analyzed under diverse traffic and weather conditions.

Rather than building a new framework from scratch, the focus will be on integrat-
ing and optimizing existing open-source tools. This approach will foster collaboration
between the CAVs perception and V2X networking research communities. By bridging
these domains, the framework will enable scalability and reliability testing across a wide
range of realistic scenarios, addressing critical challenges in cooperative perception.

Research objective 3: Design novel distributed data processing and learning tech-
niques to extend resource-intensive computations beyond vehicles, ensuring high reliability
and low latency. Achieving fast processing and low latency requires careful consideration
of where data is processed and which communication mode is used (V2V or V2I).
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For instance, cloud-based processing necessitates the exchange of raw sensor data,
which may exceed the bandwidth capabilities of certain V2X technologies. Additionally,
the high mobility of vehicles and the short connection times between vehicles and infras-
tructure further complicate data transmission. To address these challenges, this research
will focus on developing efficient data-sharing strategies and identifying optimal trade-offs
between data transmission and processing to enable real-time operations.

Research Objective 4: Design and evaluate hybrid edge-cloud architectures to bal-
ance computational workloads effectively, minimize latency, and enhance resource effi-
ciency for perception tasks in CAV systems.

Research Objective 5: Evaluate the effectiveness of the proposed perception frame-
works by testing them in real-world conditions. This includes evaluating system per-
formance under varying traffic densities, environmental conditions, and communication
scenarios to ensure scalability, reliability, and practical feasibility.

Research Objective 6: Develop and release comprehensive datasets to support
benchmarking, collaborative research, and the training of perception models in coop-
erative perception systems. These datasets will encompass diverse scenarios, including
varying traffic densities, weather conditions, and sensor configurations, and will include
ground truth annotations such as bounding boxes to facilitate training and evaluation.
By addressing the current lack of standardized datasets, this objective aims to enable
consistent assessment and comparison of system performance under realistic conditions,
fostering innovation and advancing cooperative perception technologies.

Research Objective 7: Conduct research throughout the dissertation to system-
atically identify unresolved challenges in cooperative perception systems and propose
actionable directions for future work. The aim is to explore innovative techniques and
technologies that address emerging issues as they arise during the study. Potential areas of
interest include adaptive data handling strategies, advanced computational methods, and
the integration of next-generation communication technologies such as 6G. This objective
seeks to ensure that the dissertation contributes to setting a foundation for continued
progress and innovation in the field.

1.2.2 Research Questions

This dissertation addresses the following key questions, all of which revolve around two
primary challenges in autonomous driving: (1) the development of robust evaluation
frameworks and (2) the efficient processing of sensor data across vehicles, edge, and cloud
platforms to support resource-intensive real time perception tasks.

Research Question 1 (RQI)}

How can existing vehicular simulation frameworks be leveraged to effectively
evaluate cooperative perception solutions?
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This question examines how current vehicular simulation tools can be adapted to test and
validate cooperative perception systems. It explores their potential to replicate realistic
driving scenarios, simulate sensor data exchange, and evaluate performance metrics such
as perception accuracy and communication reliability. Addressing this ensures that sim-
ulation frameworks provide meaningful insights before transitioning to real-world testing.

Research Question 2 (RQZ)}

Can raw sensor data be efficiently shared for cooperative perception? }

This question examines the feasibility and efficiency of sharing raw sensor data in V2X-
enabled cooperative perception systems. It investigates how such systems can address the
limitations of standalone perception, including restricted sensor coverage, occlusions, and
environmental variability. By enabling data exchange between vehicles and infrastructure,
cooperative perception aims to extend the situational awareness of connected vehicles and
improve detection accuracy in complex driving environments. Addressing this question
is critical for evaluating the trade-offs between communication overhead, latency, and
perception quality in real-world scenarios.

Research Question 3 (RQ3)}
What can be the best offloading strategies for real-time perception? }

This question seeks to identify the most effective platform for processing sensor data by
comparing the onboard system, edge, and cloud. It examines trade-offs between end-
to-end delay, detection accuracy, and resource efficiency to determine which platform
best supports real-time perception tasks. The analysis helps guide decisions on where
processing should occur to achieve optimal performance in distributed perception systems.

Research Question 4 (RQ4)}

How can model partitioning and lightweight data-sharing techniques improve the
efficiency of cloud-based real-time perception?

This question investigates the role of model partitioning and lightweight data-sharing
techniques, such as quantization and compression, in optimizing cloud-based real-time
perception systems. It examines how these strategies can reduce bandwidth usage and
computational demands while maintaining detection accuracy. By leveraging ITS-G5 and
Cellular Vehicle-to-Everything (C-V2X) communication technologies, the study evaluates
the trade-offs between latency, perception quality, and system reliability, providing in-
sights into the effective integration of edge-cloud architectures for CAVs.

Research Question 5 (RQ5)}

How can cooperative perception systems be validated under real-world conditions
to ensure reliable real-time performance?
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This question examines methodologies for validating cooperative perception systems in
real-world environments, focusing on ensuring reliable real-time performance. It investi-
gates how strategies like data compression, feature sharing, and hybrid edge-cloud process-
ing can address challenges such as high latency and bandwidth limitations. The goal is to
identify practical validation techniques that maintain detection accuracy while optimizing
resource usage, enabling scalable deployment in dynamic driving scenarios.

Research Question 6 (RQG)}

How can real-time cooperative perception systems be advanced to achieve robust
360-degree 3D detection in real-world V2X environments?

This question investigates advancements in real-time cooperative perception systems to
enable robust 360-degree 3D detection in V2X environments. It focuses on leveraging
cloud computing combined with techniques such as data compression and feature shar-
ing to optimize network resources without compromising perception quality. The study
aims to validate these systems in real-world scenarios, addressing challenges like latency,
bandwidth constraints, and detection accuracy in dynamic operating conditions.

/_[Answer to Research Questions: 1-6}

Research Question 1, which focuses on leveraging simulation frameworks to eval-
uate cooperative perception solutions, is primarily discussed in Chapter 3 and
Chapter 4. Research Question 2, addressing the feasibility of efficiently sharing
raw sensor data for cooperative perception, is explored in Chapter 4. Research
Question 3, analyzing optimal offloading strategies for real-time perception, is
covered in Chapter 5 and Chapter 6. Research Question 4, which investigates
model partitioning and lightweight data-sharing techniques for cloud-based per-
ception, is detailed in Chapter 6. Research Question 5, focusing on the validation
of cooperative perception systems under real-world conditions, is examined in
Chapter 7. Finally, Research Question 6, emphasizing the advancement of 360-

degree 3D detection in real-world V2X environments, is discussed in Chapter 8.
. J

~

1.3 Methodology

This dissertation takes a systematic approach to address the challenges of sharing sensor
data over V2X networks while optimizing cooperative perception systems. The work
begins with an in-depth literature review to establish the requirements, key parameters,
and limitations of V2X-based sensor data sharing. Building on this foundation, a realistic
simulation framework is developed to model the cooperative perception pipeline. The
framework dissects the pipeline into its main components, including local processing delay,
communication delay, and object detection delay, and evaluates their combined impact
on end-to-end performance, focusing on tasks involving camera sensors.
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To support these efforts, open-source tools such as CARLA [32], SUMO [99], Veins
[135], and SimubG [114] are utilized, along with widely used libraries like OpenCV, Tensor-
Flow, and YOLO, to measure critical performance indicators such as detection accuracy
and latency. Given the significant network resources required for raw sensor data shar-
ing, the methodology incorporates compression techniques, including H.265 and JPEG,
for streaming camera data. Additionally, lightweight feature vector sharing is employed
through the use of deep neural networks. To further optimize system performance, de-
tection models are partitioned between vehicles and the cloud, creating a hybrid process-
ing setup that reduces computational strain and minimizes latency. This comprehensive
methodology provides a cost-effective and adaptable platform for analyzing and improv-
ing cooperative perception systems under a variety of traffic conditions, environmental
scenarios, and network configurations.

1.4 Contributions of the Thesis

This thesis contributes to cooperative perception and autonomous driving by addressing
challenges in simulation, distributed data processing, and experimental validation. Key
contributions include developing a customized simulation framework, designing offload-
ing and feature sharing strategies for efficient resource use, and conducting real-world
experiments to evaluate perception quality and latency in V2X communication.

1.4.1 Development of Simulation Frameworks

A key contribution of Part-II of this dissertation is the development of customized simula-
tion tools for evaluating cooperative perception systems. These tools enable controlled and
repeatable testing of algorithms and frameworks, addressing challenges such as scalability
and diverse environmental scenarios. This work is prominently featured in the VNC-2021
[55], CCNC-2023 [54], and MT-ITS-2023 [53] papers, where the following advancements
were achieved:

e Advanced Simulation Tools: Existing tools were extended to model complex
traffic scenarios and cooperative perception setups, supporting detailed performance
evaluations in dynamic environments [53, 54].

e Integrated Communication Channel: An open-source simulator was enhanced
with a communication layer for realistic sensor data exchange over a V2X network.
This addition enabled the evaluation of throughput requirements for raw sensor
data, including cameras, LiDAR, and radar [55].
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1.4.2 OfHoading and Distributed Processing Strategies

Part-III of this work focuses on understanding data offloading and distributed process-
ing strategies in infrastructure-supported cooperative perception systems. We examine
various data compression techniques for sensor data streaming and explore how process-
ing tasks can be effectively distributed between edge devices and cloud resources. The
research addresses critical challenges, such as balancing end-to-end delay and percep-
tion accuracy. These findings are detailed in the WONS-2023 [59], VNC-2023 [58] and
Computer Communication [57] papers, with notable contributions including:

e Data Compression: Evaluated the impact of compression techniques, including
H.265 and JPEG, on perception quality and transmission latency [59].

¢ End-to-End Delay and Accuracy Trade-Offs: Analyzed how distributed pro-
cessing strategies affect end-to-end delay and perception accuracy, across platforms
and compression levels. The end-to-end delay corresponds to the total of network
latency, compression, decompression, and inference time [57].

e Feature-vector Transmission: as an alternative to raw or compressed data shar-
ing we evlauated feature vector transmission to reduce bandwidth usage, maintain
perception accuracy, and minimize end-to-end delay [58].

1.4.3 Field Trials and Experimental Evaluation

A key focus of part-1II of this dissertation is the real-world testing and validation of coop-
erative perception frameworks. Field trials were conducted to evaluate the performance
of these systems under practical conditions, bridging the gap between simulation and de-
ployment. These efforts are detailed in the VT'C-2024 [56] and WONS-2025 [60] papers
and include the following contributions:

e Real-World Testing: Development and implementation of experimental setups
for testing cooperative perception systems in diverse traffic conditions [56].

e 360 degree 3D perception: A systematic comparison of simulated results with
real-world observations to identify discrepancies and validate the reliability of sim-
ulation tools [60].

1.5 Organization & Structure of the Thesis

Each chapter has been structured to progressively build on the previous one, addressing
distinct aspects of the research problem and contributing to the overarching narrative of
the study. The following sections offer a detailed overview of each chapter, highlighting
primary objectives and contributions. The remainder of the thesis is organized as follows:
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Part I: Introduction
This part provides a comprehensive introduction to the thesis, outlining the motivation,
background, and key terms essential for understanding the research.

e Chapter 1: Introduction
Chapter 1 highlights the importance of efficient perception systems in autonomous
driving and the challenges associated with real-time processing, data sharing, and co-
operative perception. It defines the research objectives, key questions, and method-
ology, establishing the foundation for the subsequent chapters. The chapter also
outlines the thesis structure and summarizes its major contributions.

e Chapter 2: Background
Chapter 2 introduces key terms and definitions, such as perception and object de-
tection and distributed computing strategies, establishing the foundation for under-
standing the technical details in subsequent chapters.

Part II: Evaluating Perception in Simulation
This group establishes the foundational work in simulating perception systems and devel-
oping an evaluation framework for cooperative perception.

e Chapter 3: Simulation-Based Perception Models
Chapter 3 explores the use of simulation for evaluating perception systems in au-
tonomous vehicles. It reviews major perception models (e.g., YOLO) and describes
the simulation environments and tools, such as CARLA and OMNeT++, employed
to assess detection accuracy, latency, and robustness. This chapter sets the ground-
work for evaluating cooperative perception in a controlled setting.

(Faisal Hawlader and Raphael Frank. “Realistic Cooperative Perception for |
Connected and Automated Vehicles: A Simulation Review”. In: 2023 8th
International Conference on Models and Technologies for Intelligent Trans-
portation Systems (MT-ITS). IEEE, 2023. por: 10.1109/MT-ITS56129 .
12023.10241653

J

(Faisal Hawlader and Raphael Frank. “The Ugly Truth of Realistic Perception\

in Vehicular Simulations”. In: 2023 IEEE 20th Consumer Communications
& Networking Conference (CCNC). IEEE, 2023. pOI: 10.1109/CCNC51644 .
2023.10060697

J

e Chapter 4: Evaluation Framework for Cooperative Perception
Chapter 4 presents a custom evaluation framework tailored for cooperative percep-
tion. The framework incorporates metrics such as latency, perception accuracy, and
communication reliability. Simulation results and analyses provide insights into the
effectiveness and limitations of cooperative perception under various conditions.

Faisal Hawlader and Raphael Frank. “Towards a Framework to Evaluate Coop-
erative Perception for Connected Vehicles”. In: 2021 IEEE Vehicular Network-
ing Conference (VNC). IEEE, 2021. pOI: 10.1109/VNC52810.2021.9644667
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Part III: Edge and Cloud Computing for Cooperative Perception
This group focuses on the distributed processing of perception tasks, examining edge and
cloud computing as strategies for improving cooperative perception performance.

e Chapter 5: Distributed Processing and Offloading Strategies
Chapter 5 investigates various distributed processing and offloading strategies for
autonomous vehicles, emphasizing latency reduction and bandwidth efficiency. Key
contributions include experimental results on the trade-offs between processing time,
perception accuracy, and network bandwidth in edge-cloud frameworks.

( N
Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Leveraging the
edge and cloud for V2X-based real-time object detection in autonomous
driving”. In: Computer Communications. Elsevier, 2024. por: 10.1016/
j.comcom.2023.11.025

Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Vehicle-to-
Infrastructure Communication for Real-Time Object Detection in Au-
tonomous Driving”. In: 18th Wireless On-Demand Network Systems and
Services Conference (WONS). IEEE, 2023. pOI: 10.23919/WONS57325.
2023.10061953

N /

e Chapter 6: Optimizing Cooperative Perception Through Compression
Chapter 6 explores data compression techniques to reduce bandwidth usage without
significantly compromising perception accuracy. Experimental results highlight the
impact of compression on latency, and real-time processing capabilities, offering
insights into optimizing cooperative perception in data-intensive scenarios.

Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Lightweight Features
Sharing for Real-Time Object Detection in Cooperative Driving”. In: 2023
IEEFE Vehicular Networking Conference (VNC). IEEE, 2023. po1: 10.1109/
VNC57357.2023.10136339

Part IV: Field Trials and Real-World Deployment
Group 3 shifts the focus to real-world testing and validation of cooperative perception,
examining the practical challenges and robustness of perception systems.

e Chapter 7: Experimental Validation of Cooperative Perception Systems
Chapter 7 details the methodology and results from real-world field trials that vali-
date the cooperative perception models. Contributions include observations on end-
to-end latency, detection quality, and communication reliability, with a comparison
to simulation results.

Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Cooperative Percep-
tion Using V2X Communications: An Experimental Study”. In: 2024 IFEFE
100th Vehicular Technology Conference (VTC2024-Fall). TEEE. 2024. DOI:
10.1109/VTC2024-Fal163153.2024.10757448
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e Chapter 8: Advanced Hybrid Computing for 360-Degree Perception
Chapter 8 introduces a hybrid edge-cloud computing model for 360-degree percep-
tion, using multi-camera systems to capture comprehensive situational awareness.
Field test results assess the feasibility and performance of this model, providing
lessons for real-time perception in complex urban environments.

Faisal Hawlader, Francois Robinet, Elghazaly Gamal, and Raphaél Frank.
“Cloud-Assisted 360-Degree 3D Perception for Autonomous Vehicles Using
V2X Communication and Hybrid Computing”. In: 20th Wireless On-demand
Network systems and Services Conference (WONS). IEEE. 2025

Part V: Challenges, Conclusion, and Future Directions
This final group synthesizes the findings, addresses remaining challenges, and discusses
future research directions.

e Chapter 9: Open Challenges and Lessons Learned
Chapter 9 examines the technical and methodological challenges encountered during
the research, including data synchronization, latency management, and computa-
tional constraints. Lessons learned from the translation of simulation results to
real-world applications are highlighted, with potential solutions proposed for these
challenges.

e Chapter 10: Conclusion
Chapter 10 concludes the thesis by summarizing the key contributions and their
implications for cooperative perception and autonomous driving. The chapter also
offers a forward-looking perspective on future research opportunities in cooperative
perception, V2X communication, and distributed processing.

Each chapter builds upon the previous one, creating a cohesive narrative that pro-
gresses from simulation-based evaluation to practical implementation and validation, ad-
dressing the research questions and advancing the field of cooperative perception in au-
tonomous driving.
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Chapter 2

Background

2.1 Key Terms and Definitions

Connected and autonomous driving involves the integration of technologies that enable
vehicles to communicate with other vehicles and infrastructure, such as edge and cloud
computing platforms. Vehicles that participate in this ecosystem are known as CAVs. By
utilizing advanced sensors, communication systems, and computing technologies, CAV can
perceive their driving environment, make decisions, and navigate safely. Figure 2.1 shows
an overview of connected and autonomous driving ecosystem, given the complexity, it is
essential to define the fundamental terms used throughout this dissertation. Therefore,
this section provides definitions of these key terms, organized into relevant subsections
for clarity: Perception and Object Detection, Communication and Networking, and Com-
puting and Data Processing.
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FIGURE 2.1: Overview of the connected driving ecosystem, illustrating the
interconnected components, including the vehicle and cloud infrastructure.
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FIGURE 2.2: Demonstration of the sensor configuration employed in the autonomous
vehicle at 36Lab, SnT, University of Luxembourg. The setup includes a LiDAR for
360-degree environmental mapping, multiple cameras for visual data acquisition, and a
GNSS-INS for high-precision localization. Source: Adapted from [142], with permission.

2.1.1 Perception and Object Detection

Perception and sensors are fundamental components that enable CAV to understand and
interact with their driving environment.

Perception: CAV are equipped with sensors, including cameras, LiDAR, and radar,
to collect comprehensive information about their surroundings. Cameras capture high-
resolution visual data for object detection and scene understanding, while LiDAR con-
structs three-dimensional point clouds that provide precise depth information enhancing
object detection. Radar detects objects at various ranges and operates effectively even
in adverse weather conditions. The perception module processes sensor data to create a
real-time understanding of the environment. Key tasks include tracking and segmenting
objects such as pedestrians, vehicles, and traffic signs. Figure 2.2 illustrates the perception
sensor setup used in our experimental vehicle. Details of hardware and sensor configura-
tions for different experimental evaluations are provided in the following chapters.

Object Detection: Object detection is the computational process of identifying and
localizing objects of interest within sensor data, such as pedestrians, vehicles, and traffic
signs. This process involves not only recognizing the presence of objects but also accu-
rately determining their positions and sizes. Modern object detection algorithms, such
as You Only Look Once (YOLO) [122], leverage deep neural networks applied to camera
images to achieve real-time performance and high accuracy. These networks extract hi-
erarchical features from input images, enabling precise detection and classification even
in complex environments. Figure 2.3 illustrates this object detection process, where in-
put camera images are processed by a deep neural network that identifies and localizes
objects, providing the probability of each detection.
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Deep Neural Network (DNN) and Feature Vector: DNNs are machine learning
models composed of multiple interconnected layers designed to learn and extract complex
patterns from large datasets. They excel in tasks such as object detection, efficiently
processing and interpreting vast sensor data in real time. A feature vector is a numerical
representation of attributes extracted from input data, used by machine learning models
to identify patterns and make predictions. For instance, in CAVs, a DNN analyzes images
captured by cameras to detect pedestrians and vehicles. These images are transformed
into feature vectors, which encode essential characteristics like shapes, textures, and spa-
tial relationships. The DNN processes these feature vectors through its interconnected
layers, progressively refining the information to achieve accurate object detection.

Bird’s Eye View (BEV): the Bird’s-eye view (BEV) is a method that converts
sensor data into a top-down image, similar to how a map appears when viewed from
above. By combining information from multiple sensors, such as multi-view cameras,
LiDAR, and radar, the BEV creates a clear and comprehensive picture of the environment.
For example, a BEV provides a top-down view of nearby vehicles, pedestrians, and road
signs, thus improving situational awareness of CAV.

2.1.2 Communication and Networking

Communication and networking are essential for CAV to exchange information with other
vehicles, as well as edge and cloud infrastructure.

V2X Communication: V2X communication technology is specifically designed for
CAVs, enabling seamless data exchange between vehicles, infrastructure, pedestrians,
and other road users. This technology enhances situational awareness and facilitates
cooperative driving, contributing to safer and more efficient transportation systems. V2X
is implemented through two primary standards: ITS-G5 and C-V2X. ITS-G5 [140], a
European standard based on the IEEE 802.11p protocol, supports short-range, low-latency
communication by allowing direct data exchange without relying on cellular networks. In
contrast, C-V2X, defined by 3GPP [7], utilizes cellular networks for communication and
supports both direct device-to-device interaction and network-assisted communication via
cellular infrastructure. This dual capability enables C-V2X to offer broader coverage and
enhanced reliability, making it well-suited for diverse vehicular communication scenarios.
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Data Communication: Data communication refers to the transfer of data between
CAVs and infrastructure through wired or wireless transmission channels. This process
involves the exchange of information in various formats, including images, videos, fea-
ture vectors, and binary data, governed by protocols to ensure accurate, efficient, and
secure transmission. In the context of V2X communication, data communication en-
ables seamless interaction between vehicles, infrastructure, and other entities, supporting
applications such as situational awareness and cooperative perception. Data communi-
cation performance is measured by bandwidth, throughput, and latency. Bandwidth is
the maximum data transmission capacity of a channel, which determines the ability to
handle large data volumes. Throughput is the amount of data successfully transmitted
and processed over time, reflecting network efficiency. Latency refers to the delay in data
transfer, critical for real-time applications, including cooperative perception.

Cooperative Perception Message (CPM): A CPM is a standardized communica-
tion message format used in V2X systems to exchange perception data between vehicles
and infrastructure. These messages are generated from sensor data collected onboard a
vehicle and contain information about detected objects, such as their position, size, and
motion. By sharing these data, CPMs allow nearby vehicles to build a more comprehen-
sive view of the environment, enhancing situational awareness and enabling cooperative
driving. This is particularly valuable in scenarios where vehicle sensors may have limited
visibility, improving overall safety and efficiency on the road.

2.1.3 Computing and Data Processing

Efficient computing and data processing are essential for managing the vast volumes of
sensor data required to enable real-time decision making in autonomous driving systems.
These capabilities ensure timely responses to dynamic driving environments, enhancing
safety and performance.

Computing Platform: A computing platform refers to the integrated hardware and
software environment used to execute computational tasks. In the context of CAVs, it
includes onboard systems, such as GPUs and processors, for real-time data processing,
and edge or cloud platforms for offloading computationally intensive operations. In local
processing scenarios, perception tasks, such as object detection, are performed exclusively
on onboard hardware, with detection results being encoded into CPMs and then broadcast
to nearby vehicles via ITS-G5 communication technology to enable situational awareness.
In cloud processing scenarios, data captured by vehicle sensors are transmitted to edge
or cloud platforms using C-V2X communication, where processing is performed on more
powerful hardware. The results are then transmitted back to nearby vehicles, supporting
cooperative perception and enhancing overall system performance. A combined approach
that uses both onboard and cloud computing resources for optimal processing is referred
to as hybrid computing. Figure 2.4 illustrates a scenario where vehicles, edge platforms,
and cloud infrastructure are interconnected to facilitate distributed computing. This
setup enables seamless collaboration between local and remote resources, ensuring efficient
processing and enhanced performance.
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Data Compression and Lightweight Features: Data compression is the process
of reducing data size to optimize transmission and storage while preserving essential
information. Compression techniques can be categorized as lossless, which ensures no
data is lost during the process, and lossy, where some data is irreversibly discarded to
achieve higher compression ratios. In the context of CAVs, methods such as H.265 or
JPEG are often applied to sensor data, including images, to minimize bandwidth usage
and enable efficient communication between vehicles and infrastructure.

Lightweight features are condensed versions of raw sensor data that preserve only
the essential information needed for tasks like object detection. These features are of-
ten derived using DNNs, which process the data to extract meaningful patterns while
reducing its size and complexity. This simplification enables faster processing and more
efficient transmission, making lightweight features ideal for resource-limited environments
like onboard systems or low-latency V2X communication.

2.2 Evaluation Framework

Developing an evaluation framework is essential for validating the reliability and feasi-
bility of cooperative and distributed perception solutions. Two main approaches can be
taken: (1) simulation-based methods and (2) real-world experiments. While real-world
experiments are often the preferred choice, they pose significant challenges, such as high
costs and extensive time requirements due to the expensive hardware involved. This
dissertation explores both approaches, starting with simulation-based experiments and
culminating in real-world validation. By combining these methods, a thorough and well-
rounded assessment of the proposed methodologies is achieved. This section outlines the
strategies for simulation and real-world validation, details the experimental setup, and
highlights the key challenges and limitations encountered during the evaluation process.
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2.2.1 Simulation and Real-World Validation

This dissertation focuses on developing evaluation frameworks for cooperative and dis-
tributed perception solutions. The aim is to explore how sensor data processing can be
shared between onboard vehicle systems, edge devices, and cloud platforms to strike the
right balance between efficient data transmission and processing time.

Simulation-Based Evaluation: Simulations provide a controlled and repeatable
environment for testing a wide range of scenarios, including edge cases that may be
impractical or unsafe to replicate in real-world settings. To develop the evaluation frame-
work, we leveraged existing vehicular simulators, enhancing and customizing them beyond
their default configurations. Specific details about these settings and their applications
are discussed in Chapter-3 and Chapter-4. These customizations allowed for evaluations
specifically designed for cooperative perception solutions. The resulting framework en-
ables the simulation of realistic scenarios and supports a comprehensive assessment of
performance across key metrics, including perception quality, data transmission latency,
resource utilization, and communication reliability.

e Tools and Platforms: We utilized a combination of existing simulation platforms,
including VEINS, Simub5G, INET, CARLA, and SUMO, along with Python-based
libraries such as Socket and OpenCV.

e Evaluation Focus Areas: Assessing perception quality under varying weather
conditions, including day, night, fog, and rain. Comparing grid-based and photo-
realistic perception performance in simulations across intersections, downtown areas,
parking lots, and highways. Determining throughput requirements for transmitting
various sensor data types in distributed processing systems.

e Advantages: Creates a safe, controlled environment to test scenarios that would
be too risky or impractical in real-world settings. Allows scaling experiments with
thousands of simulated vehicles and varying traffic patterns, while enabling tests
under extreme conditions like heavy occlusions or challenging weather. Save time
and cost compared to real-world evaluations while still providing a way to simulate
complex and realistic situations.

Real-World Validation: While simulation-based evaluations provide significant flex-
ibility, real-world testing of real-time perception capabilities is essential to fully unlock
the potential of CAVs. Real-world experiments play a vital role in validating the practical
feasibility of these systems and addressing the challenges of transitioning from theoretical
models to real-world applications. One critical aspect requiring validation in real-world
settings is end-to-end delay, as perception systems depend on ultra-low latency to func-
tion effectively. These systems must process sensor data and respond within milliseconds
to ensure safe and reliable performance in dynamic driving environments. This disserta-
tion provides valuable insights into the design of efficient perception systems within the
connected driving ecosystem. Detailed discussions of these advancements are presented
in Chapter 7 and Chapter 8.
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e Tools and Platforms: The 360Lab vehicle at University of Luxembourg, features
advanced sensors like cameras, LIDAR, and V2X modules (ITS-G5 and C-V2X)
integrated with 5G-enabled cellular communication. Test routes in the Kirchberg
area of Luxembourg are designed to cover diverse environments, including urban
areas with real traffic. Integrating the onboard vehicle platform with remote edge or
cloud systems, including UniLu HPC, enables real-time data processing to evaluate
perception and communication performance in dynamic scenario.

e Evaluation Focus Areas: End-to-end delay analysis for real-time perception dur-
ing driving scenarios. Perception accuracy compared to ground truth results. As-
sessment of communication reliability and latency in real-world conditions.

e Advantages: Demonstrates system robustness in dynamic and unpredictable en-
vironments. Provides insights into real-world challenges, including environmental
noise and mobility issues. Validates the scalability of sensor data offloading and
distributed processing across different traffic densities and network conditions.

2.2.2 Experimental Design

The experimental scenarios are designed to systematically evaluate the performance, re-
liability and scalability of cooperative and distributed perception systems.

Evaluation Scenarios: To thoroughly evaluate the proposed systems, experiments
are designed around diverse scenarios that explore various data-sharing strategies, com-
putational demands, and network conditions. These scenarios are intended to uncover
the trade-offs and performance benefits of cooperative and distributed perception under
realistic operational constraints.

e Baseline (Local Perception): All perception tasks are performed entirely on-
board without external data sharing.

e Cooperative (Distributed): Vehicles and infrastructure nodes exchange percep-
tion data, facilitating CPM sharing and collaborative perception improvement.

e Hybrid (Edge-Cloud Integration): Integrates local processing with selective
offloading to edge or cloud servers to optimize performance and resource utilization.

Metrics for Evaluation: To ensure a thorough and context relevant evaluation of
the proposed approach, the following metrics are considered:

e Perception Quality: Detection accuracy evaluates how well the model identifies
and locates objects in input sensor data, acting as a key measure of its performance
in object detection tasks. Mean Average Precision (mAP) is a comprehensive metric
used to assess detection performance by comparing the predictions with ground
truth data across diverse scenarios. It considers Intersection over Union (IoU) [28],
which measures the overlap between predicted and ground truth bounding boxes,
ensuring a precise evaluation. mAP provides a detailed assessment of detection
effectiveness by accounting for both precision and recall at varying confidence levels.
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e Processing and Network Resources: Evaluate critical aspects of computational
and communication performance required for real-time operations. End-to-end de-
lay is analyzed, including the time needed for compression, transmission, and model
inference during detection tasks. Bandwidth usage and packet loss rates are exam-
ined under varying network conditions to assess the reliability and efficiency of data
transmission. Onboard and cloud inference times are also tracked to provide deeper
insights into system responsiveness during distributed perception tasks.

Tools and Hardware: A variety of protocol stacks, software, and hardware are
employed to meet the specific objectives outlined in each chapter. While detailed expla-
nations are provided in the respective sections, a brief summary includes:

e Onboard Systems: NVIDIA Jetson Orin, optimized for low-power, real-time per-
ception tasks, ensuring efficient local processing.

e Cloud Infrastructure: Tesla V100 GPUs, designed for resource-intensive opera-
tions such as object detection inference on a large scale.

e Communication Modules: ITS-G5 and C-V2X integrated with 5G capabilities,
enabling tests on bandwidth and latency impacts during edge and cloud offloading.

This detailed evaluation combines tools, techniques, and objectives, establishing a practi-
cal and comprehensive framework for evaluating the proposed systems in both simulations
and real-world experiments.

2.2.3 Challenges and Limitations

While cooperative and distributed perception systems hold great potential, their imple-
mentation comes with a range of technical and practical challenges. Recognizing and
addressing these challenges is vital for improving existing approaches and guiding future
research. This subsection focuses on the key difficulties encountered during simulations
and real-world validation efforts.

Simulation Constraints: While simulations provide a controlled and flexible environ-
ment for testing, they cannot fully replicate real-world complexities. Challenges such as
sensor noise, dynamic traffic, and environmental factors like weather and lighting vari-
ability are often oversimplified. Similarly, simulated network conditions may overlook
practical issues, including interference, packet loss, and bandwidth fluctuations. These
gaps highlight the importance of real-world testing to ensure accurate validation.

Real-World Constraints: Conducting tests in real-world settings provides essential in-
sights into how systems perform under actual conditions but also presents considerable
challenges. These experiments demand significant resources, including high-cost hard-
ware, extensive infrastructure, and adherence to strict safety protocols. Furthermore,
real-world environments are inherently unpredictable, with factors like varying network
conditions, environmental noise, and dynamic traffic patterns complicating both testing
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and data collection. Such challenges often make real-world validation an expensive, time-
intensive, and less reproducible process, emphasizing the importance of simulations as a
complementary approach.

Scalability and Resource Demands: Testing large-scale systems with multiple vehi-
cles presents significant challenges. Both simulations and real-world experiments demand
substantial computational resources, often pushing the limits of available infrastructure.
In addition, urban network congestion can result in packet loss and delays, further affect-
ing the reliability and performance of the system.

Generalization: Findings from tests conducted on specific routes or in controlled sce-
narios may not easily apply to other settings, particularly those with different traffic
dynamics, infrastructure designs, or network characteristics. This challenge highlights
the difficulty of ensuring that results are relevant and reliable across a wide range of
real-world environments.

In summary, this evaluation framework offers a comprehensive method for testing and
improving cooperative and distributed perception systems. By tackling key challenges
and recognizing its limitations, the framework ensures that the proposed methodologies
are both scientifically sound and applicable in real-world scenarios.

2.3 Cooperative and Distributed Perception

Accurate and real-time perception is essential for autonomous driving. Traditional sys-
tems rely on onboard sensors such as cameras, LiDAR, and radar. However, these sensors
face inherent limitations, including restricted range, susceptibility to occlusions, and sen-
sitivity to environmental conditions. These challenges become even more pronounced in
complex scenarios like urban intersections or dense traffic.

Cooperative perception addresses these limitations by enabling vehicles and infras-
tructure to share data. By combining information from multiple sources, this approach
extends the perception range and enhances accuracy, allowing for more informed decision-
making. Distributed perception further advances this concept by dividing computational
tasks among vehicles, edge devices, and cloud platforms. This strategy reduces the com-
putational burden on individual vehicles and supports real-time performance.

This section explores strategies for distributed processing and offloading, focusing on
the role of cloud computing and the significance of V2X communication. It also high-
lights key applications, challenges, and research opportunities, providing a comprehensive
foundation for the discussions in this dissertation.
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2.3.1 Distributed Processing and Offloading Strategies

The growing complexity of perception and decision-making tasks in autonomous driving
requires efficient strategies to manage the large volumes of sensor data generated in real
time. Distributed processing and offloading optimize system performance by utilizing
onboard, edge, and cloud resources to address computational and latency challenges.

Offloading strategies determine how and where tasks are allocated, depending on the
system requirements and constraints. The following strategies are commonly used:

e Static Offloading: Predefined rules allocate perception tasks based on their com-
putational complexity and latency requirements. For instance, a vehicle may pro-
cess immediate object detection tasks onboard to minimize latency while offloading
global perception tasks, such as 3D mapping or environment modeling, to the cloud.

e Dynamic Offloading: Perception tasks are allocated in real time based on network
conditions, computational load, and environmental factors. For example, critical
tasks like obstacle detection are offloaded to the cloud when bandwidth allows.

e Hybrid Offloading: This approach combines static and dynamic strategies to
achieve a balance between performance and adaptability. For example, initial data
processing is handled locally onboard, while computationally intensive tasks are
selectively offloaded to the cloud for enhanced efficiency.

2.3.2 Cloud Computing for Intensive Processing

Cloud computing provides scalable, high-performance resources for handling computa-
tionally intensive tasks in autonomous driving, including perception inference and CPM
data aggregation. By offloading these tasks, vehicles can overcome onboard hardware lim-
itations and utilize advanced GPUs and large-scale detection models, enabling improved
real-time performance and scalability.

Key Benefits: Cloud computing offers several advantages for autonomous driving
systems. It provides scalability by dynamically allocating resources based on computa-
tional demands, ensuring efficient use of processing power. By aggregating data from
multiple sources, it enhances decision-making processes, such as route planning, through
a global perception. Additionally, its high-performance capabilities handle complex tasks
with advanced computation, improving both accuracy and reliability.

Challenges: Cloud computing in autonomous driving presents several significant
challenges. Latency is a critical concern, as communication delays can impact the respon-
siveness of safety-critical applications, such as collision avoidance. Bandwidth constraints
further complicate operations, as transmitting high-resolution sensor data requires ex-
tensive network resources. Additionally, privacy concerns arise due to the need to share
sensitive sensor data.
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2.3.3 V2X-Enabled Perception: Applications and Benefits

V2X communication is revolutionizing the way autonomous vehicles perceive and inter-
act with their surroundings. By facilitating real-time data exchange among vehicles,
infrastructure, pedestrians, and other entities, V2X significantly enhances perception ca-
pabilities, improves safety, and optimizes traffic efficiency. This subsection examines the
applications and benefits of V2X-enabled perception, emphasizing its role in cooperative
and distributed perception systems.

Benefits: Integrating V2X communication into cooperative perception systems offers
several clear advantages. It enables early detection of hazards, reducing the risk of ac-
cidents in scenarios with occlusions or limited visibility. Data sharing among connected
entities provides vehicles with a broader and more accurate understanding of their sur-
roundings. Offloading computational tasks to infrastructure reduces the processing load
on individual vehicles and improves energy efficiency. Real-time updates help manage traf-
fic more effectively, easing congestion and enhancing overall road network performance.

Applications: V2X-enabled perception provides practical solutions to challenges that
traditional onboard systems cannot address. For example, shared sensor data allows vehi-
cles to detect pedestrians hidden by parked cars or other obstructions. It also enables the
identification of road hazards, such as debris or stalled vehicles, through alerts transmitted
by upstream vehicles or infrastructure. By extending perception beyond the immediate
range of onboard sensors, V2X enhances vehicle response capabilities in complex driving
scenarios, such as urban intersections or high-traffic areas.

2.3.4 Challenges in Cooperative and Distributed Perception

Despite its advantages, distributed processing presents several technical challenges that
must be resolved to ensure reliable and scalable performance. Key challenges include:

e Sharing high-resolution sensor data, such as raw camera images, requires substantial
bandwidth, often pushing the limits of communication technologies like ITS-G5
and C-V2X. Additionally, transmission and processing delays can compromise the
responsiveness of real-time perception systems.

e High-speed vehicle mobility leads to frequent connectivity changes, disrupting con-
sistent data exchange. Limited communication windows and network handovers can
cause delays or packet losses, impacting the reliability of cooperative perception.

e Transmitting sensor data over open networks raises significant privacy concerns,
potentially exposing sensitive information to unauthorized access.

e High vehicle densities in urban environments exacerbate network congestion, com-
plicating simultaneous data exchanges. Distributed systems must scale effectively
to manage large data volumes without overwhelming communication networks.
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2.3.5 Research Opportunities and Motivation

Research Opportunities: Cooperative perception for autonomous driving presents nu-
merous opportunities to address existing challenges and advance the field. However, this
dissertation focuses specifically on the following:

¢ Simulation Frameworks: Developing tools to evaluate cooperative perception
systems under controlled conditions and analyze key performance metrics.

e Offloading Strategies: Investigating perception task offloading between edge and
cloud to optimize real-time performance.

¢ Communication Technologies: Analyzing the trade-offs in latency, bandwidth,
and perception quality across different standards such as I'TS-G5 and C-V2X.

e Real-World Validation: Conducting experiments to assess the feasibility and
scalability of proposed frameworks and strategies.

e Dataset Contributions: Creating and releasing comprehensive datasets to sup-
port benchmarking and collaboration in cooperative perception research.

Motivation: These opportunities stem from the need for efficient, reliable, and low-
latency cooperative perception systems that can perform in real-world conditions. Ad-
vancing these areas will enhance safety and efficiency in autonomous driving while address-
ing communication and computation challenges and optimizing resource utilization.
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Part 11

Evaluating Perception in Simulation
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Chapter 3

Realistic Perception in Vehicular
Simulations

This chapter investigates the limitations of modeling onboard perception sensors in ve-
hicular simulations and examines how realistic simulation environments can help address
these challenges. We begin by discussing the constraints of onboard sensors in object de-
tection, especially in complex scenarios involving occlusion, adverse weather, and limited
sensor range. Following this, we provide an overview of existing simulation frameworks,
emphasizing key differences between grid-based and photorealistic approaches that impact
the fidelity of perception outcomes.

We then present our methodologies for implementing and evaluating realistic per-
ception simulations, using both SUMO and CARLA to demonstrate the advantages of
photorealistic sensors in capturing dynamic environmental conditions. Through a series
of controlled experiments, we analyze the effectiveness of vision-based sensors in improv-
ing detection accuracy across various scenarios, including weather variations and vehicle
density. By comparing traditional grid-based methods with advanced photorealistic sim-
ulations, this chapter contributes to the understanding of how simulation can support
the development of more reliable perception models for cooperative autonomous vehicles,
laying the groundwork for scalable and robust testing in future studies.

This chapter builds upon the following publications:

(Faisal Hawlader and Raphael Frank. “Realistic Cooperative Perception for |
Connected and Automated Vehicles: A Simulation Review”. In: 2023 8th
International Conference on Models and Technologies for Intelligent Trans-
portation Systems (MT-ITS). IEEE, 2023. DpoL: 10.1109/MT-ITS56129 .
2023.10241653

)

(Faisal Hawlader and Raphael Frank. “The Ugly Truth of Realistic Perception\

in Vehicular Simulations”. In: 2023 IEEE 20th Consumer Communications
¢ Networking Conference (CCNC). IEEE, 2023. DOI1: 10.1109/CCNC51644 .
2023.10060697

)



https://doi.org/10.1109/MT-ITS56129.2023.10241653
https://doi.org/10.1109/MT-ITS56129.2023.10241653
https://doi.org/10.1109/CCNC51644.2023.10060697
https://doi.org/10.1109/CCNC51644.2023.10060697
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The chapter is organized as follows: Section 3.1 introduces the foundational concepts
and challenges of onboard perception. Section 3.2 details the simulation frameworks and
methodologies applied to develop realistic perception solutions. Section 3.3 presents our
experimental findings, comparing detection accuracy across various simulation setups.
Section 3.4 discusses the limitations of the current approach and situates our work within
related studies. Finally, in Section 3.5, we summarize our findings and suggest future
directions for enhancing simulation-based perception modeling in vehicular environments.

3.1 Introduction

CAV rely on an array of sensors such as cameras, RADAR, and LiDAR to perceive their
surroundings [16, 149]. Numerous studies have highlighted the limitations of onboard sen-
sors in environmental perception [154, 129, 16], prompting the development of cooperative
perception to address these challenges [18]. Sensors may struggle to detect objects that
are either occluded by other road users within their field of view [16] or situated beyond
the effective range of the sensing vehicle. Adverse environmental and weather conditions
can further amplify perception challenges by diminishing visibility [98].

Perception outcomes are typically influenced by factors like the proportion of con-
nected vehicles and their spatial arrangement [132]. Therefore, it is crucial to test
perception-dependent applications to ensure their reliability. However, real-world test-
ing with actual vehicles is uncommon due to the associated complexity, high costs, and
potential risks [55]. Simulation emerges as a viable alternative to tackle these challenges.
Simulators can conduct large-scale experiments involving numerous road users. In this
context, simulation environments need to be highly realistic to effectively replicate real-
world deployment challenges. Artery [127] and Veins [135], both integrated with the mo-
bility simulator SUMO [99], are among the most popular open-source simulation frame-
works. These simulators enable large-scale cooperative perception studies without the
need for time-consuming and resource-intensive photorealistic simulations. Researchers
extend these simulators by adding components that implement perception sensors. This
method primarily relies on grid-based projections [8] or simplified geometric computations
[49], rendering it less realistic.

Conversely, simulators like CARLA [32, 54], AirSim [130], and SVL [128] are capa-
ble of producing realistic sensor data such as RGB images. Although these simulators
are computationally demanding and require substantial processing power, their outputs
closely resemble those from real sensors. This trade-off becomes more manageable as
computational capabilities and efficiencies continue to improve. Nevertheless, most cited
studies have employed the first approach without considering detection accuracy [49, 127,
8], potentially leading to unrealistic outcomes. Given that simulated sensor data must
coherently represent real-world conditions, configuring such simulations is non-trivial. In
this chapter, we address the challenges of modeling perception in vehicular simulations
by demonstrating and comparing two distinct approaches. The first approach implements
a sensor model in SUMO using geometric calculations, while the second, more realistic
approach employs computer vision techniques.
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Specifically, we use the CARLA simulator to create photorealistic environments and
generate RGB camera images, which are subsequently processed using the pre-trained
object detection model YOLOvV5 [75].

This chapter particularly focuses on enhancing our understanding of perception sensors
in vehicular simulations that emulate real-world challenges, thereby yielding more prag-
matic results. Our findings indicate that factors such as vehicle layout and connection
ratios affect perception accuracy, similar to real-world scenarios, and can be effectively
modeled using a simulator. We observed that detection accuracy varies with weather con-
ditions and distance owing to reduced visibility, which can also be realistically simulated
in vehicular environments.

We make the following key contributions in this chapter:

— Contributions] N

e We investigate realistic modeling of perception in vehicular simulations
using two well-established frameworks, SUMO and CARLA, with the aim
of developing an evaluation framework for cooperative perception systems.

e We compare two distinct methods grid-based and vision-based for modeling
realistic perception sensors within vehicular simulation environments.

e We analyze the impact of vehicle layout, connection ratios, weather condi-
tions, and distance on perception accuracy in simulations.

3.2 Related work

Research in Cooperative Perception Systems (CPSs) is emerging and gaining increased at-
tention across various areas, including sensor data processing [104], sensor fusion [18, 166],
and V2X communication [98]. Despite this progress, cooperative perception introduces
numerous challenges that require further investigation and resolution [3, §].

Several studies, such as [163, 67], have proposed frameworks to simulate cooperative
driving. However, these frameworks do not address the accuracy of local perception
sensors, which is crucial for reliable applications. Other works, including [168, 104],
explore techniques for sharing sensor data, focusing on transmitting partially or fully
processed data rather than raw data. While this approach can conserve network resources,
it may compromise the performance of object detectors due to information loss during
data processing. On the other hand, [166] advocates sharing raw sensor data, which can
maintain higher accuracy but comes at the cost of increased processing and transmission
demands, as discussed in [3, 119]. Simulations in [55] show that raw sensor data can
indeed be exchanged between vehicles; however, the network throughput required for this
level of data transfer is substantial and may exceed the capabilities of current technology.
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To address bandwidth constraints, [109] proposed a Layered Costmap-based protocol
to optimize data exchange by reducing transmission overhead. While this protocol focuses
on minimizing data transmission, it does not evaluate the impact on perception accuracy,
which is essential for reliable object detection.

In [49], collective perception was introduced to publish lists of detected objects within a
vehicular network. This study utilized the Veins framework [135] along with Artery [127],
integrated with the SUMO mobility simulator [99] and the OMNeT++ network simulator
[152]. Enhancements were made by adding local perception sensors to the ego vehicle,
detecting objects based on positional geometry and assuming that objects are visible if
they lie within the direct line of sight of the sensor [107, 42]. Additionally, a filter was
applied to exclude objects outside the ego vehicle Field of View (FoV). However, this
method fails to account for non-connected vehicles, as their positions remain unknown,
which limits the realism of the model.

In summary, while existing research has primarily focused on the networking aspects of
CPSs, there has been limited evaluation of perception accuracy. This oversight could lead
to unrealistic outcomes, underscoring the need for further study into realistic perception
modeling within cooperative perception systems.

Algorithm 1 Grid-based Perception Model in SUMO. Source: Reprinted from
[53], with permission, (€)2023 IEEE.
Given:
Egoe, P., Se, Sy, Sy
1: Initialize Ego,, P, S., Sy, St
2: while Ego, has S, do
3: Determine position of Ego,

4: for each vehicle V; in environment do

5: E4, < Euclidean Distance(P., V;)

6: if B4, < S, then

T a; + angle(Ego,, V;)

8: if |a;| < Sy then

9: Add V; to detected vehicles

10: for each V; in detected vehicles list do

11: Perform position plausibility check (V;, P;)

12: Perform grid-based projection check (V;, Sy)
13: Perform line-of-sight check between V; and V),

14: Return: Detected Vehicles

3.3 Methodology

Various simulation frameworks have been developed to test perception solutions in vehic-
ular applications. These frameworks generally fall into two categories based on the ab-
straction level of the perception module: grid-based perception and optical sensor-based
perception, as illustrated in Figure 3.1.
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FIGURE 3.1: A robust framework for realistic evaluation of perception sensor models

using co-simulation with CARLA and SUMO. The ego vehicle, which is fitted with

a sensor, identifies nearby vehicles highlighted by red boxes within the simulation
environment. Source: Reprinted from [54] with permission, (©)2023 IEEE.

Simulations play a crucial role in evaluating perception solutions and advancing con-
nected vehicle technologies by providing a safe, cost-effective way to test and refine per-
ception models. A well-designed simulator can closely replicate real-world conditions,
allowing developers to assess how perception systems perform under various scenarios
without the risks and expenses of physical testing. In these simulations, optical sensor
models are commonly used to mimic how real sensors on CAV would detect objects as
they enter into the sensor FoV. Once an object is within this FoV, it can be identified and
processed by the perception system. To further enhance realism, photorealistic rendering
can be employed to produce detailed sensor data frames, such as RGB images, that closely
resemble what actual sensors would capture.

Computer vision-based object detection methods, like those used in real-world systems,
are then applied to each frame produced by the simulated ego vehicle. These methods
identify objects in the image, draw bounding boxes around them, and assign confidence
scores that estimate the likelihood of correct detection. This approach allows simulations
to account for key factors that influence perception, such as occlusions (when objects block
each other) and confidence levels, which add depth and realism to the sensor model. For
further technical details on the object detection process, please refer to [75].

Researchers today frequently rely on probabilistic or geometric-based sensor models,
as they balance complexity with computational efficiency, making large-scale, fast sim-
ulations possible. However, these models tend to be overly deterministic, lacking the
variability and richness of real-world scenarios. To bridge this gap, 3D simulators with
photorealistic features provide a compelling alternative, creating realistic environments
that incorporate elements such as weather variations, thereby bringing simulations closer
to real-world conditions. Although photorealistic simulations are computationally in-
tensive, improvements in processing power and cost-effectiveness are making them more
accessible, supporting more detailed and nuanced testing [32].
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FiGURE 3.2: Grid-based perception model in SUMO. This model simulates
the ego vehicle perception capabilities within a large-scale traffic scenario.
Source: Reprinted from [53] with permission, (C)2023 IEEE.

This section compares two approaches for simulating perception sensors: one based on
geometric calculations and the other on photorealistic rendering, both designed to address
real-world challenges. Developing a simulation framework that accurately replicates real-
world conditions is complex, requiring that sensor data remain readable, synchronized,
and representative of actual driving environments.

3.3.1 Grid-based Perception

We created a Python-based perception model inspired by foundational work [49, 8] and
integrated it with the SUMO simulator, an open-source platform capable of modeling
large-scale road networks with both vehicles and pedestrians. Since SUMO does not
include native support for perception sensors, we defined an ego vehicle and implemented
a custom perception sensor to allow it to detect its surroundings. This setup enables the
ego vehicle to detect nearby objects within a predefined FoV using a filtering mechanism.
The perception model is detailed in Algorithm 1, which shows the pseudocode used to
simulate perception on a broader scale within SUMO.

Once the ego vehicle detects other vehicles in its FoV, the model conducts additional
checks, including line-of-sight and grid-based projection validations, to accurately place
each detected vehicle on a grid. As illustrated in Figure 3.2, this implemented sensor
enables the ego vehicle to identify specific nearby vehicles, such as vehicles 1, 3, and 4,
within its immediate environment. Each grid that contains a detected vehicle is marked
as occupied while the remaining grids are categorized as either empty or obstructed. To
simulate this, we configured a forward-facing sensor mounted on the ego vehicle, desig-
nated as Fgo., and divided the sensor FoV, S,, into grids for detailed spatial analysis.
Each detected vehicle is represented by V;, with its position denoted as P;. The perception
model classifies each grid cell into one of three states: empty, occupied, or obstructed.
These classifications are based on a series of position plausibility checks (V;, P;), grid-based
projection checks (V;, Sy), and line-of-sight verifications (V;, V). The model is optimized
to reduce computational demands by performing line-of-sight and grid-based projection
checks only for vehicles within the sensor FoV.
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The line-of-sight check relies on the predefined sensor range S, and angle «; to identify
the exact locations of surrounding vehicles, while excluding those outside the sensor reach.
This helps narrow down the list of detectable vehicles to those within the operational view
of an Ego vehicle. For example, Figure 3.2 shows that vehicle 2, although present in the
scene, is obstructed by vehicle 3 and thus cannot be detected. This approach enables
efficient simulation of complex perception scenarios by accurately differentiating visible
from non-visible objects in the driving environment for CAVs.

3.3.2 Photo realistic Perception

Our aim is to create a perception module for CAV that closely replicates real-world
conditions. To achieve this, we utilize the CARLA simulator, a high-fidelity autonomous
driving research platform that enables the generation of photorealistic perception data.
To ensure consistency between simulation platforms, we configured a camera sensor for the
ego vehicle in CARLA to match the FoV used in SUMO. This alignment was achieved by
carefully calibrating the camera parameters in CARLA to replicate the visual perspective
and coverage of the SUMO setup, enabling a uniform evaluation of perception scenarios
across both simulation environments.

CARLA offers extensive functionalities for realistic perception simulation, including a
flexible Python API that allows fine-grained control over each component. Although
CARLA provides a variety of features, we focused specifically on simulating adverse
weather conditions to examine how environmental factors affect the perception accuracy
of CAV. We tested four weather scenarios, clear day, night, rain and fog, to capture a
range of visibility and environmental challenges that affect sensor performance, as shown
in Figure 3.3. These varied conditions allowed us to evaluate how factors like lighting, vis-
ibility, and moisture influence the ability of the perception module to detect and interpret
objects in the environment.

In addition to cameras, CARLA supports various onboard sensors, such as LiDAR,
with adjustable settings to meet specific project requirements. These sensors can be
customized in terms of mounting location, resolution, and FoV, allowing researchers to
simulate different sensor configurations and placements. However, CARLA does not come
with an integrated object detection system, so we implemented our own using a pre-train
YOLOv5 [75], a state-of-the-art detection model renowned for its speed and accuracy.
Trained on the COCO dataset [88], which contains 91 object classes and 2.5 million labeled
instances, YOLOV5 is highly capable and includes advanced features like multiscale anchor
optimization [167] to enhance detection accuracy for small or overlapping objects. For a
detailed description of the YOLOV5 detection process, see the official documentation [75].
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FIGURE 3.3: Performance of Detection Under Various Weather Conditions.
Source: Reprinted from [53] with permission, (C)2023 IEEE.

3.3.3 Vehicle Detection and Counting

Accurate vehicle detection is crucial, in general, a detector computes a confidence score
(Cy) to estimate how likely a bounding box contains the target object [122]. A common
formula to calculate C is given in Equation 3.1.

C, = P.(C4|0) x Po(O) x ToU (3.1)

Where P.(O) is the probability that the bounding box contains an object, P.(C; | O)
is the probability that this object belongs to class i, and IoU is the Intersection over
Union between the predicted and ground-truth bounding boxes. For the total number of
detected vehicles (D, ), only those with confidence scores exceeding a predefined threshold
Cy, are counted, as shown in Equation 3.2.

”
=> 1(CE > Cy) (3.2)
k=1

Where 1(C* > Cy,) is an indicator function that returns 1 if C* > Cj,, and 0 otherwise. A
typical threshold of C, = 0.5 filters out low-confidence detections, thus improving overall
detection precision when counting the total number of detected vehicles. In photorealistic
models (e.g., YOLOv5), Cy varies continuously from 0 to 1. However, grid-based percep-
tion systems treat detections as binary (Cs = 0 or Cs = 1), omitting partial probabilities.
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FIGURE 3.4: Simulation results for four distinct scenarios. Subfigure presents results for grid-
based and optical sensor models. Source: Reprinted from [54] with permission, (€)2023 IEEE.

3.4 Results

To assess both perception approaches, we conducted simulations across four distinct sce-
narios under clear-day weather conditions: (a) a four-lane highway, (b) a parking lot, (c)
a busy intersection, and (d) a downtown area. For traffic generation and scenario design,
we utilized CARLA’s town03 and town06 environments.

Parameter Symbol Value SUMO CARLA
Confidence threshold Cj, 50% X Vv
Field of view (FoV) S 60° vV Vv
Sensor range Sy 50m vV X
Frame rate F, 1Hz vV Vv
Confidence score C Vv Vv
Simulation time 240s V4 V4

v/ Used, x: Not used

TABLE 3.1: Simulation parameter settings for CARLA-SUMO environ-
ments. Source: Reprinted from [53], with permission, (©)2023 IEEE.
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(a) Overview of simulations of CARLA (left) and Sumo (right). (b) Detection Difference

FiGURE 3.5: Evaluation of perception sensors in realistic scenarios utilizing CARLA-SUMO
co-simulation. Red boxes (a) denote vehicles identified by the specific simulator. Yellow
boxes highlight vehicles exclusively detected by CARLA. The disparity in detections between
the two models is shown in 3b. Source: Reprinted from [53] with permission, (©)2023 IEEE.

All simulations were run with the default settings provided by the CARLA-SUMO
co-simulation script [32] to ensure reproducibility. Table 3.1 summarizes the important
simulation parameters. Each scenario was simulated for 300 seconds in asynchronous
mode to maintain consistent traffic flows across runs. The perception sensor was set to a
fixed field of view (90°) and a 1 Hz frame rate in synchronous mode, enabling identical
capture rates. As CARLA lacks an integrated object detection system, we incorporated a
pre-trained YOLOvV5 model [75] for detecting vehicles. Only true positive detections were
counted to ensure accurate results in vehicle perception, and the findings are displayed in
Figure 3.4.

In the highway scenario (Fig. 3.4a), the grid-based perception system identified over
16 vehicles roughly 75% of the time, with a detection range from 12 to 24 vehicles. In
contrast, the optical sensor approach identified over 15 vehicles only 25% of the time,
with a maximum of 16. For the parking lot scenario (Fig. 3.4b), grid-based perception
detected fewer than 7 vehicles 75% of the time, with a minimum of 2, due largely to
obstructions affecting sensor visibility and vehicle layout. In all scenarios, optical sensors
performed consistently, with a median detection count of 13 vehicles, which held steady
across both the busy intersection and downtown environments (Fig. 3.4c and Fig. 3.4d).
More research is required to fully understand these performance differences, as grid-based
perception exhibited instability and dependence on the scenario. Additionally, the binary
nature of grid-based detection (i.e., vehicles are either detected with 100% confidence
or not at all) lacks the probabilistic nuance seen in real-world detection systems, where
factors like distance, weather, and vehicle speed influence detection likelihood.

3.4.1 Individual Perception

The study was designed to assess detection accuracy and compare different perception
sensors. The objective was to identify specific edge scenarios conditions where individual
sensor perception diverges depending on the simulation environment and determine the
scenarios that facilitate a more detailed analysis.
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FIGURE 3.6: Detection confidence across varying distances and weather con-
ditions. Source: Reprinted from [53] with permission, (©)2023 IEEE.

To accomplish this, a 240-second simulation was conducted under synchronized con-
ditions, which allowed for controlled driving behavior of the ego vehicle and enabled con-
sistent capture of the same area by the perception sensors. This synchronization ensured
that comparisons across sensors were reliable, allowing us to observe how each sensor
responded to identical conditions.

The results in Figure 3.5 indicate that CARLA achieves a more accurate detection
compared to SUMO, particularly in high-density traffic scenarios. Detection in SUMO
is based solely on vehicle location data and basic geometric calculations, rather than
vision-based sensors. Consequently, vehicles are detected only if the sensor mounting
point has a clear line of sight. In contrast, vision-based sensors in CARLA can detect
vehicles even in partially obstructed layouts. For parked vehicles that do not broadcast
position updates, the ego vehicle in SUMO lacks real-time location information, making it
unable to perform line-of-sight or grid-based projection checks effectively. Conversely, the
position plausibility check marks the actual positions of non-connected vehicles as empty
grid spaces, leading to their non-detection.

To gain a clearer understanding, we compared detection between SUMO and CARLA
at each time step. The results, shown in Figure 3.5, indicate that the CARLA sensor
performed better, with the maximum detection difference reaching up to 9. These tests
were conducted under clear weather conditions. The SUMO sensor detects vehicles in a
binary fashion, merely indicating the presence or absence of a vehicle without any margin
for detection error. This binary detection is always reported with a fixed 100% confidence
score or not at all, which lacks the realism. In real-world scenarios, object detection typi-
cally involves a probabilistic distribution influenced by factors such as distance, weather,
and speed. The vision-based sensor addresses this challenge by providing a confidence
score for each detection, offering a more realistic approach, as depicted in Figure 3.3.

To examine how dynamic weather conditions affect detection, we conducted tests
across four distinct weather scenarios (Figure 3.3), positioning the detected vehicle at
fixed distances of 10 m, 20 m, 30 m, 40 m, and 50 m. We averaged 240 detections at each
distance under varying weather conditions.
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FIGURE 3.7: Empirical cumulative distribution of vehicles detected under varying
conditions. Source: Reprinted from [53] with permission, (€)2023 IEEE.

Figure 3.3 shows the detection results at a distance of 10 m, though confidence scores
decline markedly as the distance increases. Even in clear daylight, detection accuracy
drops by over 50% at 50 m. Under foggy conditions, accuracy diminishes significantly,
with no detections at 50 m or beyond. A summary of these findings is provided in
Figure 3.6. This visualization provides insight into how detection performance varies
with distance, emphasizing key patterns and trends observed in the analysis.

We applied the empirical cumulative distribution function (ECDF) to calculate the
distribution of detected vehicles, with the results displayed in Figure 3.7. As shown, the
vision-based camera sensor identifies more vehicles in clear daytime conditions, though
detection rates drop significantly in low-light, foggy, and rainy conditions. This outcome
aligns with realistic expectations, suggesting that a vision-based sensor can more accu-
rately simulate perception in complex, photorealistic environments, whereas a simplistic
sensor model may struggle to capture these nuanced dynamics.

3.4.2 Cooperative Perception

In this section, we assess the performance of our sensor model within a cooperative envi-
ronment. Intersections are common areas where perception sensors face challenges due to
potential obstructions. For example, external objects near the front of an ego vehicle can
easily limit its FoV, and a CPS is designed to mitigate such visibility restrictions. To test
the CPS, we selected a multi-lane intersection. In the experiment, two ego vehicles, each
equipped with camera sensor setups comparable to those in standalone perception, were
used. The objective was to compare sensor models implemented in SUMO and CARLA,
identifying the most accurate approach for simulating CPS in a cooperative context. We
set dyner = 100m as the maximum communication range between vehicles, given the com-
pact nature of both the simulation environment and the intersection. Vehicles positioned
within d < d,,q, can communicate via a socket-based channel, as described in [55].
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FiGUure 3.8: Cooperative perception scenario compares the number of vehicles detected using

SUMO and CARLA against the ground truth count. The results demonstrate a significant

decline in SUMO detector as the proportion of nonconnected vehicles increases. In contrast,

CARLA maintains reliable detection performance, showing independence from the proportion
of connected vehicles. Source: Reprinted from [53] with permission, (C)2023 IEEE.

The Euclidean distance was used to calculate the distance between the two ego ve-
hicles. We recorded the total vehicle detections while both ego vehicles stayed within
communication range. Figure 3.8 presents the total vehicle count at the intersection
and the combined detection count for the two ego vehicles in CARLA and SUMO, using
identical scenarios in synchronous mode.

Overall, CARLA consistently detected more vehicles at all stages. Analyzing the
average detection discrepancy, we observed that CARLA identified approximately 40%
more vehicles compared to SUMO. Performance was further evaluated across four dis-
tinct scenarios, all in clear weather and under sunny conditions, with varying levels of
vehicle connectivity (30%, 40%, 50%, 60%). The results in Figure 3.8 indicate that the
effectiveness of the SUMO detector diminished as the number of nonconnected vehicles
increased. Conversely, CARLA maintained reliable performance regardless of the pro-
portion of connectivity, demonstrating stability in all scenarios. Thus, we suggest that
an optical vision-based sensor should be utilized when evaluating cooperative perception
solutions, as simplifying sensor models too much could overlook crucial details.
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3.5 Conclusion and Future Work

In this chapter, we examine the implementation of realistic perception in vehicular sim-
ulations for CAV. Our approach leverages the CARLA-SUMO cosimulation framework,
an open source tool specifically crafted for automated driving research, which enables the
generation of photo realistic perception data. Previous research has primarily relied on
simplified grid-based sensor models that often overlook detection accuracy, potentially
leading to unrealistic outcomes.

We evaluated the commonly used grid-based sensor model within the research com-
munity and compared its performance to that of a photorealistic perception model, which
provides a more accurate representation. Our findings demonstrate that detection accu-
racy is influenced by factors such as vehicle positioning, the ratio of connected vehicles,
weather conditions, and the distance between the sensing vehicles and the target vehicle.
Our results reveal that a vision-based optical sensor outperforms the grid-based sensor
in cooperative perception scenarios, offering a more realistic approach that closely aligns
with real-world complexities. Our analysis underscores the importance of incorporating
realistic perception models in vehicular simulations, as simplifications can compromise
the reliability of results. Future work will focus on embedding a realistic communication
channel using standard V2X technologies to enable sensor data exchange between vehicles,
thus advancing the evaluation of realistic cooperative perception solutions.
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Chapter 4

Framework for Cooperative
Perception Evaluation

This chapter presents efforts to extend the CARLA simulator to enable cooperative per-
ception in CAV. We developed a client-server extension that allows simulated vehicles
to exchange sensor data, thus enabling cooperative perception scenarios that are typi-
cally challenging and costly to test in real-world environments. The chapter begins by
discussing the importance of cooperative perception in enhancing road safety and situ-
ational awareness. By sharing sensory data through V2X communication, vehicles can
expand their perception range. A review of existing CAV simulation platforms highlights
the lack of open-source options that effectively combine realistic perception with robust
communication models.

To address this gap, we introduce a CARLA extension that supports sensor data
exchange among multiple vehicles, enabling cooperative perception experiments in a pho-
torealistic simulation setting. Preliminary evaluations demonstrate the successful sharing
of various sensor data, including camera images, LiDAR point clouds, and radar data,
between simulated vehicles. We also analyze the bandwidth requirements for transmit-
ting raw sensor data, underscoring current network limitations and the critical need for
optimized data transmission strategies.

This chapter builds upon the following publication:

Faisal Hawlader and Raphael Frank. “Towards a Framework to Evaluate Coop-
erative Perception for Connected Vehicles”. In: 2021 IEEE Vehicular Network-
ing Conference (VNC). IEEE, 2021. por: 10.1109/VNC52810.2021.9644667

The chapter is organized as follows: Section 4.2 reviews related work in cooperative
perception and existing simulation platforms for CAVs. Section 4.3 describes the archi-
tecture of our extended CARLA simulator and the implementation of the communication
framework. Section 4.5 presents preliminary evaluations, showcasing the effectiveness of
inter-vehicle sensor data sharing and assessing bandwidth requirements. Finally, in Sec-
tion 4.6, we summarize our findings and discuss future work, including the integration of
more realistic communication models.


https://doi.org/10.1109/VNC52810.2021.9644667
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4.1 Introduction

CAV present valuable opportunities across numerous applications, supporting everything
from improved road safety and awareness to enhanced comfort. A key application area
is cooperative perception, which enables vehicles to share sensory data through V2X
networks, thereby expanding their perception range without the need for an extensive
array of costly sensors [87]. For cooperative perception systems to operate effectively,
it is essential that vehicles can accurately observe road conditions and identify moving
objects, such as other vehicles, pedestrians, and bicycles, in real time.

Significant research has focused on the transmission and processing of high data vol-
umes between CAV in recent years [131, 8]. With advancements in high bandwidth, low
latency networks like 5G, exchanging and handling large amounts of raw sensory informa-
tion between vehicles is increasingly feasible [64]. Collaborative processing of perception
data brings two primary benefits: first, it extends the perception range by combining
data from multiple vehicles, minimizing the risk of missed detections due to obstacles
or challenging weather conditions [18, 104]. Second, it enables the distribution of data
processing tasks among several vehicles, roadside units, and potentially the cloud, where
more resource-intensive computations can be performed [14, 10]. This distributed ap-
proach supports a high level of situational awareness, even with a simplified sensor setup.
Despite its advantages, cooperative perception can produce redundant data [67], making
it essential to balance data transmission and processing times. For instance, in dense traf-
fic, several vehicles may transmit substantial information about the same object, straining
network resources and adding to processing delays [8]. Testing these applications with real
vehicles is crucial, but challenging, due to the high costs and complexity involved [131].
Simulation emerges as a practical alternative to overcome these limitations. Currently,
there appears to be no open source simulator that integrates a realistic perception layer
with a comprehensive communication model. This chapter seeks to bridge this gap by
introducing an extension to CARLA [32].

We make the following key contributions in this chapter:

,—[Contributions} ~

e An extension for the CARLA was developed to enable the exchange of
sensors data, such as camera, LIDAR, and radar, between vehicles through
a client-server architecture.

e Demonstrated how vehicles can effectively share sensor data, enabling co-
operative perception within a photorealistic simulation environment.

e Initial tests on bandwidth requirements for transmitting sensor data be-
tween vehicles reveal constraints in current network technologies, high-
lighting the need for optimized transmission strategies.
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4.2 Related work

Related work falls into two key categories: (1) research on cooperative perception and (2)
existing simulation platforms for CAV.

Research on cooperative perception, though still in its early stages, has been rapidly
advancing [104, 131, 144, 41]. For example, in [143], the impact of various CPMs policies,
as established by the European Telecommunications Standards Institute (ETSI) [34], on
both network and application performance is examined. Similarly, [104, 133] provides
a comprehensive analysis of cooperative perception techniques, discussing their require-
ments, limitations, and overall performance in detection and communication. In [8, 146], a
deep reinforcement learning-based method is proposed to intelligently manage data trans-
mission with the goal of reducing network load. Another approach, as explored in [104,
18], involves transmitting processed or partially processed data instead of raw sensor data.

Among open source platforms that integrate network and mobility simulation, Veins
is widely used [135] , offering a broad set of models to enhance vehicular network sim-
ulations while maintaining efficient execution speeds. Similar capabilities are provided
by the Artery V2X Simulation Framework [63, 127]. However, these platforms lack a
photorealistic driving environment, which is essential to evaluate cooperative perception
methods. Recently, CARLA has gained popularity as an open source simulator for auto-
mated driving research [32]. CARLA supports a wide range of features, including flexible
sensor configurations, environmental controls, and management of all static and dynamic
entities, allowing users to simulate the full autonomous vehicle stack within a visually
realistic 3D environment. Another notable option is AirSim [130, 17|, which provides
high-fidelity simulation for both ground and aerial vehicles, featuring detailed visual and
physical realism. Currently, few frameworks combine a photorealistic environment for
generating synthetic perception data with a robust network simulator [52, 47]. This chap-
ter examines the network resources needed for sensor data transmission and discusses the
approaches required to achieve such an integration.

4.3 Methodology

Our methodology uses the CARLA client-server architecture to facilitate data exchange
between multiple vehicles. In this section, we provide an overview of the key components
of the simulator and detail our integration of a communication framework, as illustrated
in Fig.4.1. For an in-depth description of the CARLA components, refer to [32].

Although the client-server structure is designed for distributed computing across mul-
tiple machines to reduce the hardware burden on individual devices, our current imple-
mentation operates on a single machine. The server manages data handling and routing,
enabling large-scale simulations even in a centralized setup. This modular design also
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FIGURE 4.1: Simulation architecture illustrating the integrated frame-
work for cooperative perception and data communication between vehicles.
Source: Reprinted from [58] with permission, (©)2023 IEEE.

allows for future enhancements, such as integrating realistic network models and more
advanced perception solutions, which we plan to investigate in subsequent studies.

4.3.1 Server

The CARLA server functions as the core of the simulator, managing the registration and
life cycles of ego vehicles (clients) and coordinating interactions with them. It maintains
the simulation state, including vehicle positions, speeds, and integrates with the traffic
management module to control the behavior of all simulated agents, such as vehicles,
pedestrians, and traffic lights. This simulation state includes essential details for collision
management and motion planning. In the lower layers, a PID controller handles lateral
and longitudinal control, leveraging data from the motion planner to generate precise
commands to accelerate, brake, and steer vehicles within the simulation.

4.3.2 Client

The provided API enables full control over simulation elements, such as traffic man-
agement and perception sensors for one or more ego vehicles, establishing CARLA as a
strong foundation for developing a framework to test cooperative perception scenarios.
Each client in CARLA represents a simulated ego vehicle, managed by exchanging mes-
sages with the server via a Python API. Ego vehicles differ from other simulated agents
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Client View OpenCV View

FIGURE 4.2: In the cooperative perception scenario, the ego vehicle operating as a client can

access camera sensor data from other vehicles within communication range. This data is pro-

cessed and visualized in real-time using OpenCV, enabling the ego vehicle to analyze shared
visual information effectively. Source: Reprinted from [58] with permission, (€)2023 IEEE.

as they implement the full autonomous driving stack, including essential perception sen-
sors. Although CARLA is typically used with a single client, its client-server architecture
enables the generation of multiple clients, a critical feature of our application. However,
it is important to note that increasing the number of ego vehicles requires substantial
hardware resources to maintain smooth simulation performance [32].

Each client can configure various sensor types, including the following:

e Camera: Vision sensors, such as standard RGB and stereo cameras, configurable
with different resolutions and fields of view.

e LiDAR: A rotating laser scanner that generates point clouds, creating a 3D repre-
sentation of the environment around the vehicle.

e Radar: Produces a conic view that translates into a point map of nearby objects
and their speeds, aiding in object shaping and movement assessment.

4.4 Network Layer Implementation

This section provides an overview of the network layer and the neighbor selection module
implemented for efficient inter-vehicular communication among ego vehicles in a simulated
environment. The setup leverages socket communication for data exchange and uses
OpenCV for sensor data serialization and visualization.

To facilitate information exchange between ego vehicles, we developed a socket-based
network layer, enabling data transmission between the client (ego vehicle) and the server,
as well as among clients. In this setup, an ideal communication channel is assumed, with
plans to investigate more realistic channel models in future work. The network layer
employs a client-server architecture, where each ego vehicle functions as a client, and the
server serves as a central node that coordinates data exchange.
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4.4.1 Socket Communication Setup

Each ego vehicle (client) establishes a TCP socket connection with the server. TCP en-
sures reliable data transmission, maintaining packet integrity and order, which is essential
for synchronizing data across vehicles. The server listens for incoming connections from
multiple clients, creating and maintaining a persistent communication channel with each.
This setup allows clients to broadcast data to vehicles within range via the server, which
functions as a message broker.

4.4.2 Data Transmission Protocol

Upon connection, each client is assigned a unique identifier, allowing the server to manage
and route data accurately between clients. Data is serialized (e.g., in JSON format) before
transmission to reduce size and transmission time. Each packet contains only essential
information, such as vehicle ID, position, and relevant sensor data, to optimize bandwidth
efficiency. The server asynchronously forwards received data to other clients within range,
facilitating real-time inter-vehicle data sharing and supporting connected driving.

4.4.3 Position Management

To emulate inter-vehicular communication, we developed a neighbor selection module,
which determines the communication range between vehicles based on their spatial prox-
imity. Each client periodically sends its position to the server, which maintains an up-to-
date map of all ego vehicles positions. The server calculates the distance d between any
two vehicles using the Euclidean distance in the 3D Cartesian space defined in CARLA:

d=V(x2 = x1)2+ (o = y1)? + (22 — 21)? (4.1)

where (21,91, 21) and (x2, s, 22) represent the positions of two vehicles. If d < dpa,
where d, ., is the maximum communication range, the two vehicles are considered within
the communication range.

4.4.4 Sensor Data Serialization

For efficient sensor data sharing between vehicles, we use OpenCV !, a widely used library
for computer vision and data handling. Sensor data, such as raw RGB images, LiDAR,
and radar data, is prepared before transmission. The data is serialized into a binary
format, enabling fast transmission over the socket connection without additional data
compression. This approach ensures that raw sensor information is retained, allowing for
high-fidelity data exchange across vehicles.

!OpenCV. Accessed: June. 9, 2023: https://github.com/opencv/opencv


https://github.com/opencv/opencv
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4.4.5 Data Transmission and Visualization

Each client receives raw sensor data from nearby vehicles, processes it using OpenCV,
and displays the information in real time. This visualization emulates the perception
of each ego vehicle in its environment, enhancing situational awareness. By handling
socket data asynchronously, the system supports multiple image streams simultaneously,
enabling real-time, multi-vehicle sensor sharing for cooperative perception. An example
of such a visualization is shown in Figure 4.2.

4.5 Results

To thoroughly evaluate the performance of our proposed framework, we conducted a
series of simulations using the Town01 3D environment in CARLA. TownO1 is designed to
mimic real-world urban settings and includes a range of dynamic and static elements that
contribute to a realistic simulation. Dynamic elements include various types of vehicles,
motorcycles, bicycles, and pedestrians. These entities interact with static infrastructure
elements, such as traffic signs, street trees, and buildings, creating a rich environment for
testing vehicular communication and perception.

4.5.1 Vehicular Communication and Scalability

In our initial simulation scenario, we configured CARLA to simulate five ego vehicles.
Each vehicle operated as an independent client within the environment. This setup was
designed to test the robustness and scalability of our communication framework to manage
simultaneous data exchange. To evaluate performance, each vehicle periodically broad-
casted a simple beacon message at a frequency of 1 Hz. These transmissions allowed us
to track the communication range and assess scalability across multiple clients.

The simulation was executed on a laptop equipped with an Intel Core 19 2.4GHz
CPU, 32GB of RAM, and a Nvidia GeForce GTX 1650 GPU. Despite this relatively
limited hardware, the framework handled the simulation smoothly. This demonstrates
its efficiency and adaptability in multi-client scenarios. We set a communication range
threshold, d,4., at 200 meters to represent a realistic limit for vehicle-to-vehicle (V2V)
communication in urban settings. The simulation ran continuously for 240 minutes. Dur-
ing this period, each ego vehicle navigated the Town01 road network in loops, adhering
to standard traffic regulations to simulate realistic driving patterns.

Throughout the simulation, we monitored each vehicle communication performance.
This included recording the number of beacons received from other vehicles and measuring
how long each vehicle stayed within the communication range of the others. Table 4.1
presents these results in a matrix format. A value of 1 between two vehicles indicates that
they remained within the communication range for the entire duration of the simulation.
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Car; Caryg Cars Cary Cars

Cary - 0.634 0.740 0.479 0.832
Cary 0.634 - 0.743 0.837 0.671
Cars 0.740 0.743 - 0.947 0.847

Cary 0.479 0.837 0.947 - 0.768
Car; 0.832 0.671 0.847 0.768 -

TABLE 4.1: Contact duration between vehicles as a proportion of the total simulation time,
indicating the length of time pairs of vehicles remained within communication range throughout
the simulation. Source: Reprinted from [55], with permission, (©)2021 IEEE.

Our findings show that, due to the compact layout of the simulated urban area, most
vehicles stayed within range of each other for at least 50% of the simulation time. This
supports high communication availability within the network.

4.5.2 Data Transmission and Bandwidth Feasibility

To assess the scalability of the framework with various sensor types, we tested the band-
width requirements for transmitting raw data. In the experimental setup, data was trans-
mitted at a uniform frequency of 1 Hz across all policies to maintain consistency among
sensor types and configurations. The policies included standalone transmissions of indi-
vidual sensors and a multi-sensor policy that combined data from all three types. Fig.4.3
illustrates the bandwidth requirements observed for each policy. As expected, bandwidth
demands vary significantly depending on the type and configuration of the sensor. For ex-
ample, even at lower resolutions, raw camera data requires substantial bandwidth around
44 Mbit/s per stream. Higher resolutions amplify these demands, reaching over 330
Mbit/s for six images from multiple cameras. LiDAR data, known for detailed 3D spa-
tial information, require between 84 and 167 Mbit/s based on resolution and point cloud
density. Radar data, which offer coarser spatial information, requires fewer bandwidths,
typically between 27 Mbit/s and 72 Mbit/s.

The combined multi-sensor policy, which involves the simultaneous transmission of
raw data from cameras, LIDAR, and Radar, demands a peak bandwidth of 575 Mbit/s.
This substantial requirement results from the high-resolution data and the real-time fre-
quency at which each sensor captures information. In complex urban environments with
high object density and dynamic scenes, this demand increases further. Such bandwidth
requirements significantly exceed the typical capacities of current technologies.

For example, the ITS-G5 protocol, widely adopted in vehicular networks, provides a
maximum data rate of 54 Mbit/s [140]. Similarly, while 4G networks can support up to
100 Mbit /s under ideal conditions, this rate remains insufficient for high-bandwidth appli-
cations like raw multi-sensor data streaming. Even with the advanced capabilities of 5G,
which supports peak rates up to 500 Mbit/s [112], the transmission of uncompressed raw
data from multiple sensors remains impractical. This is especially true when considering
network fluctuations and the low-latency requirements of real-time perception.
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Sensor Policy Data Format

Camera CAM1 6 RGB images, res. 640 x 480
CAM2 6 RGB images, res. 1260 x 720
CAM3 6 RGB images, res. 1928 x 1208

LiDAR LID1 4D points, 2,621,440 points per second (pps)
LID2 4D points, 5,242,880 points per second (pps)

Radar  RAD1 4D points, 1,500 points per second (pps)
RAD2 4D points, 35,000 points per second (pps)

All CLR1 CAMS3 + LID2 + RAD2

TABLE 4.2: Transmission policy properties and data formats. For further details on format
specifications, refer to [32]. Source: Reprinted from [55], with permission, (€)2021 IEEE.

Consequently, to make multi-sensor data transmission feasible within current and next-
generation networks, alternative strategies are essential. These include data compression
techniques, selective data transmission policies, and adaptive downsampling to reduce
overall data volume while preserving key information. Another approach is feature ex-
traction, where only high-level features are transmitted, rather than raw data, significantly
conserving bandwidth. Together, these strategies aim to optimize the usage of network
resources, enabling scalable and reliable vehicular communication systems capable of sup-
porting advanced perception and autonomy requirements.

4.5.3 Data Compression Strategies

Given the substantial bandwidth requirements, achieving efficient V2V perception data
sharing requires optimization techniques to align communication demands with network
constraints. Data compression is a key strategy that can reduce bandwidth requirements
by approximately 25% in some cases [110]. By compressing raw data prior to transmission
[29, 134], vehicles can reduce the data load while retaining essential information, making
it feasible to operate within the bandwidth limits of current communication standards.

Beyond compression, selective data transmission offers an adaptive approach by shar-
ing only the most relevant information, such as dynamic changes critical to the driving
scenario. This approach is further enhanced by local data processing, where raw sensor
data is partially processed onboard to extract high-level features, which are then shared
with nearby vehicles. By minimizing the need for raw data exchange, this method signifi-
cantly reduces the total data volume transmitted over the network [104, 18]. Transmitting
only essential features, rather than raw sensor data, enables the network to support more
vehicles simultaneously without compromising real-time responsiveness.

Together, these optimization strategies are essential for enabling real-time cooperative
perception within the bandwidth limitations of current and emerging vehicular networks.
They play a critical role in practically implementing the proposed connected driving
ecosystem, bridging the gap between ambitious perception goals and the realistic con-
straints of communication infrastructure.
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FIGURE 4.3: Required throughput for transmitting various types of raw and com-
pressed data across different sensor types and configurations, including camera,
LiDAR, and Radar. Source: Reprinted from [55] with permission, (C)2021 IEEE.

4.6 Conclusion and Future Work

In this chapter, we introduce a framework designed to facilitate cooperative perception
within a simulated environment, using the CARLA client-server architecture, an open-
source simulator tailored specifically for autonomous driving research. This setup en-
ables efficient sensor data sharing among multiple ego vehicles (clients), allowing us to
model and test cooperative perception strategies in a controlled, reproducible environ-
ment. Through a straightforward V2V communication scenario, we demonstrate that
multiple ego vehicles can effectively exchange sensor information, highlighting the feasi-
bility of this setup for cooperative perception tasks in CAV.

Our results show that transmitting raw perception data imposes substantial bandwidth
demands. These demands often exceed the capabilities of current vehicular communica-
tion technologies. This finding highlights the need for bandwidth optimization techniques
to achieve real-time perception sharing within existing network constraints. The platform
combines a realistic driving simulation environment with a robust communication frame-
work. This integration offers a valuable tool for future research, reducing the complexity
and cost traditionally associated with evaluating cooperative perception systems.
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Chapter 5

Edge and Cloud Computing for
Object Detection

This chapter investigates data offloading strategies to remote edge or cloud infrastructures
to address the computational limitations of onboard vehicle systems. By offloading per-
ception sensor data processing, we leverage the superior computational power of edge and
cloud platforms, enhancing perception capabilities without overloading local resources.
However, offloading also introduces transmission latency, which can challenge the strict
latency requirements of autonomous driving.

Emerging technologies like C-V2X and 5G offer promising solutions to address latency
challenges and support efficient data offloading for real-time perception. To further reduce
transmission delays, we apply H.265 and JPEG compression at various quality levels to
evaluate their impact on accuracy and latency. Our evaluation uses the CARLA simulator
to generate environmental data and OMNeT++ to measure network latency.

This chapter builds upon the following publications:

(Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Leverag—\
ing the edge and cloud for V2X-based real-time object detection
in autonomous driving”. In: Computer Communications. Elsevier,
K2024.DOI: 10.1016/j.comcom.2023.11.025

)

(Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Vehicle- |
to-Infrastructure Communication for Real-Time Object Detection
in Autonomous Driving”. In: 18th Wireless On-Demand Network
Systems and Services Conference (WONS). IEEE, 2023. por: 10.
k23919/WONSS7325.2023.10061953

J

This chapter is structured as follows: Section 5.2 reviews the relevant literature. Sec-
tion 5.3 outlines the hardware setup, network simulation parameters, and model training
and evaluation procedures. Section 5.5 presents the experimental findings, emphasizing
the offloading trade-offs. Lastly, Section 5.6 summarizes the contributions of the chapter
and proposes future research directions.


https://doi.org/10.1016/j.comcom.2023.11.025
https://doi.org/10.23919/WONS57325.2023.10061953
https://doi.org/10.23919/WONS57325.2023.10061953
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5.1 Introduction

Achieving precise environmental awareness is essential for safe decision making and route
planning in autonomous vehicles, which is dependent on real-time processing of data from
sensors such as cameras, LIDAR, and radar. However, the computing limitations of the
onboard hardware require balancing processing speed and detection quality.

To address these constraints, offloading some processing tasks to external platforms,
such as Multi-access Edge Computing (MEC) or cloud servers, offers an alternative with
greater computational power [27]. Although cloud offloading can enhance perception ca-
pabilities, it introduces transmission delays, which may be unsuitable for time-sensitive
applications [55]. Recent advances in C-V2X technology [114] and 5G [39] provide oppor-
tunities for optimized selective offloading.

Our approach offloads computationally intensive perception tasks to MEC or cloud
resources while keeping lighter tasks onboard to balance detection accuracy and latency.
To mitigate transmission delays, we assess the impact of H.265 and JPEG compression
[105, 28] on transmission latency and accuracy. Using different quality levels, we optimize
the detection performance in edge and cloud configurations to achieve a target rate of
20Hz [1]. Tests with various YOLOv5 models reveal a trade-off, that is, larger models
increase accuracy but may exceed the 50 ms latency threshold [57].

Our evaluation combines real hardware with simulations, using CARLA [32] for data
generation and OMNeT++ [162] to simulate network latency. This hybrid approach

bolsters our findings, advancing real-time perception strategies for autonomous driving.

We make the following key contributions in this chapter:

/—[Contributions} N

e Using the CARLA simulator [32], we create a synthetic dataset to train
and validate object detection models, enabling assessment of our offloading
strategies. This dataset is open-sourced to encourage reproducibility and
collaboration within the research community?.

e We examine camera frame transfer and processing on edge and cloud plat-
forms, utilizing real hardware to measure processing latency and network
simulation to assess transmission latency, providing insights into the trade-
off between prediction accuracy and end-to-end delay.

e To minimize transmission latency, we propose an integrated framework
utilizing H.265 and JPEG streaming for C-V2X-based real-time object
detection, achieving reduced latency for camera data transmission while
maintaining high detection quality.

“Dataset available: https://zenodo.org/records/14534852
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Model Size

Large
(high-res)

All (mAP) 0.64 0.66 0.85
Pedestrian 0.30 0.36 0.81
Traffic light 0.80  0.82 0.86
Vehicle 0.79 0.81 0.89

Small Large

TABLE 5.1: Average Precision results for different model variants (AP@50). Model variants are
detailed in Section 5.3.1. Source: Reprinted from [59], with permission, (©)2023 IEEE.

5.2 Related work

Advances in sensor technology, communication technologies, and data processing are ac-
celerating the development of autonomous driving. In this field, accurate real-time per-
ception is essential for both safety and efficiency. This literature review explores the foun-
dational technologies that support robust perception in autonomous vehicles. It focuses
on three core areas: Vehicle-to-Infrastructure (V2I) communication for data offloading,
object detection models and how data compression affects accuracy, and perception ca-
pabilities enabled by C-V2X communication. Each section examines the trade-offs and
challenges in achieving low-latency, high-precision perception for autonomous driving.

5.2.1 V2I communication

Autonomous vehicles often utilize V2I communication to transfer sensor data processing
tasks to a dedicated server, as shown in studies [65, 73]. This server, which may be po-
sitioned at the network edge using 5G MEC technology [23] or in a more powerful cloud
environment [79], handles the computationally intensive tasks. V2I communications func-
tion through an upload/download channel [114], enabling the vehicle to offload data to
an edge or cloud server. The server processes the data and then returns the results to the
vehicle. In this approach, the vehicle onboard system focuses on essential pre-processing
steps, such as data compression or encoding, before transmission [133]. Offloading sensor
data to the cloud through V2I introduces additional transmission latency, as noted in
[147]. To reduce this latency, MEC can be used, offering lower transmission delays com-
pared to traditional cloud services [114]. However, edge devices have inherent limitations
in computational power and storage capacity [44, 3]. These constraints may restrict their
ability to support applications with high performance demands [104]. Therefore, further
investigation is essential to determine whether edge computing can meet the stringent
latency and computational requirements of autonomous vehicle applications, while effec-
tively balancing resource limitations.
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5.2.2 Object detection and impact of compression

Object detection: Early advances in object detection focused on designing hand-crafted
feature extraction methods to identify meaningful patterns in image data [92]. These
extracted features served as input to a range of object detectors [31], enabling initial
breakthroughs in the field [175, 139]. Among the most influential early methods was
the Viola-Jones face detector [95], which introduced the use of Haar-like features [157]
to achieve rapid face detection. Another foundational approach was the Histogram of
Oriented Gradients (HOG) detector [26], which utilized gradient orientation histograms
to detect objects. Both methods demonstrated that specific, manually designed features
could effectively highlight essential visual cues [49], laying the groundwork for subsequent
advances in automated object detection [51]. However, while effective, these early detec-
tors were limited by their dependence on manually crafted features [133], which could not
easily adapt to more complex or varied visual data.

In recent years, object detection has advanced significantly with the rise of detectors
based on deep neural networks [123, 122], which are generally classified into two primary
categories: two-stage [46] and single-stage models [44]. Two-stage detectors first generate
region proposals to identify potential object locations within an image. These proposals
are then refined in a second stage by a trained model to confirm the presence of objects
and classify them accurately [46, 45, 125]. While two-stage models, such as R-CNN [46],
Fast R-CNN [45], achieve high levels of detection accuracy [125], their computational
complexity and multi-step process limit their applicability for real-time operations [51].

To overcome the computational limitations of two-stage models, single-stage detec-
tors such as SSD [95] and the YOLO family [122] have been developed. These models
streamline the detection process by merging the proposal of the region and classification
into a single operation [38], allowing faster [44], real-time performance [50]. In the YOLO
framework, for example, the input image is divided into a grid of cells [74], each cell be-
ing responsible for predicting the bounding boxes and identifying objects within its area.
YOLO is trained end-to-end with a loss function that optimizes multiple objectives [75],
including the accuracy of the bounding box [139], the confidence scores of the object and
the labels of the class. This integrated approach improves processing speed and makes
single-stage models particularly suited for real-time applications. In our study, we uti-
lize YOLOvV5 [75], a refined version of the original YOLO architecture, selected for its
ability to balance real-time processing capability with improved accuracy and efficiency
[150, 110]. YOLOV5 introduces architectural optimizations that reduce computational
load while enhancing object detection precision [16], making it particularly suitable for
applications requiring both speed [33] and reliability in dynamic environments [157, 18].

Impact of compression on detection: To enable faster data transmission in cloud-
based inference [50, 16], a prior study investigated the impact of H.265 (video) [61, 59]
and JPEG (image) compression on object detection accuracy across various quality levels
[57]. The research shows that compression can also reduce detection accuracy [158],
particularly due to information loss when compression is too high [31]. This reduction
becomes more pronounced at lower quality settings, where moderate to high compression
leads to a sharp decline in precision [33].
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Recently, H.265 has gained attention for its ability to maintain video quality with more
efficient compression [137], resulting in smaller data sizes compared to older formats [165].
These properties make H.265 highly suitable for streaming sensor data. However, despite
its efficiency, high-quality H.265 streams can still require significant bandwidth [103],
which may challenge real-time streaming to edge or cloud [144]. Bandwidth limitations
in these scenarios can compromise both streaming quality and detection performance.
Therefore, finding an optimal balance between the low latency and the compression ad-
vantages of H.265 and JPEG remains critical [51]. Further research is needed to achieve
the best trade-off between transmission speed and detection accuracy.

5.2.3 Perception using C-V2X communication

Recent advancements in 5G technology [112], especially in edge and cloud computing [5],
have created new possibilities for the adoption and experimentation of C-V2X technol-
ogy [1, 23]. Despite its potential [133], studies indicate that the deployment of C-V2X
remains largely in the experimental phases, with larger-scale applications anticipated as
the 5G infrastructure evolves [1]. C-V2X is projected to support advanced applications
[13], including cooperative perception [170], where vehicles share sensory data to improve
awareness of surrounding objects [150, 81].

Research highlights that local processing of perception sensor data on computer sys-
tems on-board vehicles can be limited by the available computational resources [43], mak-
ing it challenging to meet the demands of real-time perception [79]. To address these lim-
itations, studies have explored V2X based cooperative and distributed perception, which
enables vehicles to offload computationally intensive tasks to edge and cloud servers [84,
73]. Findings in recent studies suggest that MEC and cloud platforms are viable solu-
tions for perception data processing in autonomous vehicles, providing the computational
power necessary to support these applications [114, 79, 133, 73].

However, real-time perception demands low-latency processing [173], which depends
significantly on where the data is processed onboard the vehicle, at the edge, or in the
cloud [124]. Several studies have proposed different sensor data offload strategies [27,
101], ranging from raw data to partially or fully processed data [104], to reduce network
load [81, 11, 104]. Although these approaches are designed to minimize transmission
overhead [24], they often overlook the potential impact on perception accuracy [14]. For
instance, while [166] demonstrates that offloading raw sensor data can improve detection
accuracy [133], it can also substantially increase transmission costs [55]. These findings
underscore the need for balanced strategies that account for both perception quality and
transmission efficiency in V2X systems [68]. Transmitting compressed data can conserve
network resources but may also lead to a reduction in detection accuracy [124]. To the
best of our knowledge, there is a lack of comprehensive studies that explore the balance
between detection quality and end-to-end processing time. This chapter aims to address
this gap.
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Platform Scenario / Model Hardware configuration
Local YOLOvV5 small NVIDIA Jetson Xavier NX SoC
(~=20W) 157 layers, TM params  Volta GPU, 384 CUDA cores
640x640 Resolution Carmel ARMv8.2 CPU@1.9GHz
Edge YOLOV5 large Laptop with GeForce GTX 1650
(=100W) 267 layers, 46M params Turing GPU, 896 CUDA cores
640x640 Resolution Intel i9-9980HK @2.4GHz
Cloud YOLOV5 large high-res HPC node with Tesla V100

(=450W) 346 layers, 76M params Volta GPU, 5120 CUDA cores
1280x1280 Resolution Intel Xeon G6132 @2.6 Ghz

TABLE 5.2: To meet the 50 ms constraint on inference time, we chose spe-

cific platforms for running three models of varying sizes. Figure 5.1 presents

a comparison of the inference times across these models and platforms.
Source: Reprinted from [59], with permission, (€)2023 IEEE.

5.3 Methodology

This section outlines our preliminary approach to estimating the end-to-end delay in real-
time object detection. Following prior research, our goal is to achieve object detection
at a frequency of 20 Hz while preserving detection quality [1]. The end-to-end delay in
this process is heavily impacted by the computation platform. When the vehicle offloads
data to the edge or cloud, it must transmit raw data, which can exceed the bandwidth
limitations of current V2X technologies [55].

5.3.1 Motivation & Hardware

Real-time object detection within autonomous vehicles presents significant challenges due
to the limited computing power and energy constraints associated with onboard hardware.
Given these limitations, processing tasks are offloaded to external platforms with greater
computational resources, such as edge and cloud servers. However, while this approach
alleviates the onboard vehicle processing burden, it introduces additional complexities in
maintaining high detection quality and achieving minimal inference delays, both of which
are crucial for responsive and accurate object detection [5].

To better understand and address these challenges, we designed and conducted a series
of experiments utilizing a range of hardware setups. Table 5.2 outlines these configura-
tions, distinguishing between local processing (performed on the onboard device) and
processing on edge and cloud platforms. The onboard device, representing local process-
ing, is constrained by limited processing power compared to the more capable edge and
cloud infrastructure, where computational resources are more abundant. This setup aligns
with prior research on distributed computing approaches in vehicular networks [115, 133].
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autonomous driving scenarios. Source: Reprinted from [59] with permission, (€)2023 IEEE.

In this chapter, we selected YOLOvV5 [75] for object detection due to its excellent
balance of accuracy and low-latency performance, as demonstrated on recent benchmarks
[75, 172]. YOLOV5 offers models in multiple sizes, from smaller, faster models to larger,
more accurate ones. While larger models generally yield better detection quality, they
also have greater computational requirements, which can impact inference time and overall
performance. Thus, we aim to identify the best-performing model for each platform that
also meets our real-time constraints.

Figure 5.1 illustrates the inference times of various model sizes across the different
platforms, allowing us to determine the optimal deployment for each model size. The large
model, with an inference time exceeding 50ms, is unsuitable for the onboard hardware
due to latency constraints. To achieve the target 20Hz detection rate, we selected the
smaller YOLOv5 model for local hardware, while utilizing the larger model on the edge
platform and the high-resolution large model on the cloud, where computational resources
are sufficient to handle the added demand. Table 5.2 summarizes the specific YOLOv5
versions and input resolutions employed for each platform.

5.3.2 Networking Aspects

This section provides an in-depth overview of the 5G Radio Access Network (RAN) com-
ponents and explains how we utilized network simulations to assess end-to-end delays
in a real-time object detection model supported by MEC and cloud infrastructure. We
employed SimubG [114], a discrete-event network simulator built on OMNeT++ [153],
to model the 5G data plane. Our simulations are based on the C-V2X Release 16 stan-
dard, which enables advanced V2X communication through 5G technology. The setup
explores two main scenarios: offloading perception data to MEC and offloading to cloud
infrastructure, both utilizing C-V2X for connectivity.
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Source: Reprinted from [59] with permission, (€)2023 IEEE.

Our simulated network includes both a 5G RAN and a 5G Core Network (CN). The
RAN consists of a single 5G base station (gNB), which serves as the primary connectivity
point for the vehicle or user equipment (UE) [35]. A MEC server, situated 500 meters from
the gNB and linked by a high-speed wired connection, facilitates rapid data exchange,
allowing for swift interaction between the MEC and gNB. The gNB also connects to a
cloud server via the 5G CN, creating an end-to-end data pathway for offloading object
detection tasks. The architecture of this setup is illustrated in Figure 5.2.

In our experiment, the vehicle was kept stationary to simplify latency measurements.
Although this static setup does not capture the full range of real-world conditions where
vehicles are in motion, it allows for a focused examination of network latency. We believe
this controlled approach provides a stable baseline for understanding latency patterns,
acknowledging that dynamic conditions may introduce further variability.

5G Core Network (CN): We configured the 5G core network as a standalone sys-
tem to meet our simulation requirements [113]. This setup includes a User Plane Function
(UPF) that links the RAN to the cloud via a wired interface. The gNB and cloud com-
municate using the GPRS Tunneling Protocol (GTP), which enables efficient routing of
IP datagrams (UDP) across the network. A Point-to-Point (PPP) interface connects the
gNB to the cloud, providing a dedicated wired pathway for streamlined data flow [162].

Multi-access Edge Computing (MEC): MEC plays an increasingly critical role in
the 5G ecosystem, with ongoing standardization efforts to facilitate its integration into 5G
networks [37]. Our work employs a simplified MEC host setup based on the ETSI reference
architecture [23]. The MEC server is co-located with the gNB, as shown in Figure 5.2,
and includes essential modules to ensure seamless MEC operations. Applications run in a
virtualized environment on the MEC server, with a Resource Manager orchestrating their
lifecycle. Additionally, a Virtualization Manager allocates and manages the computing,
storage, and networking resources required by MEC applications.
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Parameter Name Value

Carrier frequency 3.6 GHz [39]

gNB Tx Power 46 dBm

Path loss model [114], Urban Macro (UMa)
Fading + Shadowing model FEnable, Long-normal distribution
Number of repetitions 200

Path loss model 3GPP-TR 36.873 [120]

UDP Packet size 4096 B [92]

Throughput 113.94 Mbit/s (Avg.)
Numerology (1) 3

Latency (Vehicle-to-Edge)  0.43 ms (Avg.)
Latency (Vehicle-to-Cloud) 0.45 ms (Avg.)
Packet loss ratio 0.0001

TABLE 5.3: Summary of key network parameters for a stationary test. Averages are calculated
over 200 repetitions. Source: Reprinted from [57], with permission, (©)2023 Elsevier.

The MEC host supports GTP, providing flexible deployment options within the net-
work. Consistent with prior studies [114], the MEC server is positioned 500 meters from
the gNB and connected via a high-capacity 100 Gbps PPP link [161].

5G Base Station (gNB): In this simulation, the gNB is configured with protocol
support up to Layer 3 and equipped with dual network interfaces: one for PPP wired
connectivity to the core network and another for wireless radio access. The PPP interface
connects to the core network via GTP, aligning with the CN protocol structure. The radio
access interface is layered for efficient data transmission. The Packet Data Convergence
Protocol (PDCP) layer receives IP datagrams, encrypts them, and sends them to the
Radio Link Control (RLC) layer. Data units are then temporarily stored in the RLC
buffer until needed by the Media Access Control (MAC) layer for transmission. The
MAC layer assembles data into transport blocks, adds a MAC header, and forwards the
packet to the Physical (PHY) layer for over-the-air transmission. For further details, refer
to the SimubG documentation [114].

User Equipment (UE): As defined by ETSI [23] and 3GPP standards [7], UE refers
to any device operated by the end user. The UE is represented by a connected vehicle
equipped with C-V2X protocol stacks and linked to the gNB. C-V2X, a 3GPP-defined
technology for connected mobility applications, is compatible with 5G New Radio (NR)
and supports bidirectional V2I communication. This configuration is crucial for our focus
on offloading perception data to edge and cloud platforms for real-time object detection.
The UE is equipped with dual network interface cards (NICs) to support both LTE [79]
and 5G NR [150] connectivity, as shown in Figure 5.2.

The network configuration described here is to thoroughly capture end-to-end latency
in real-time object detection scenarios. By leveraging both edge and cloud resources
within a 5G network, this setup enables an evaluation of network capability to support
demanding, low-latency applications essential for autonomous vehicle functionality.
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Class
Pedestrians Traffic Lights Vehicles
Train 12916 43418 33351
Validation 2164 8272 11295
Test 1756 11115 7897
Total 16836 62805 52576

TABLE 5.4: Summary of dataset composition and instance counts for each class.
Source: Reprinted from [57], with permission, ()2023 Elsevier.

5.3.3 Perception Aspects

Dataset Generation: The YOLOv5 models outlined in Table 5.2 were trained using a
synthetic dataset that we generated with the CARLA simulator [32]. CARLA enables us
to simulate a virtual environment where a camera-equipped vehicle navigates through a
realistic town setting under various conditions. For the purposes of this study, we focused
exclusively on clear daylight weather, providing consistent lighting conditions across the
dataset. Additionally, CARLA offers ground truth annotations, specifically 3D bounding
boxes, for three target object classes: vehicles, pedestrians, and traffic lights.

During the simulation, we captured 10,000 frames from the front-facing camera of
the ego-vehicle, recording one frame per second (1 Hz). Alongside these images, we
obtained ground truth 3D bounding boxes, which were projected onto the 2D image
plane. This projection enabled the generation of 2D bounding boxes compatible with
YOLOvVbH training requirements, as it operates on 2D object detection.

To prepare the dataset for model training and evaluation, we split it into three sub-
sets: 6,000 frames for training, 2,000 frames for validation, and 2,000 frames for testing.
Table 5.4 summarizes the instance distribution across classes and dataset splits, with the
first column indicating the intended use of each subset.

A notable observation is the imbalance in class distribution, with fewer pedestrian
instances compared to vehicles and traffic lights across all subsets. This imbalance could
affect the performance of YOLOvH models trained on this dataset, potentially reducing
detection accuracy for pedestrians. To address this, additional dataset balancing through
either more data collection or data augmentation may be needed to improve the model
proficiency across all classes, ensuring more reliable and representative performance.

5.3.4 Exploring Compression Settings

We investigate the impact of various compression levels on the data volume transmitted to
the edge or cloud, aiming to balance file size with detection quality. By analyzing different
compression settings, we aim to identify a resource efficient configuration that optimizes
network usage and minimizes transmission latency. This approach aims to maintain high
detection accuracy while efficiently managing bandwidth and reducing network load.
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JPEG Compression is a widely used algorithm valued for balancing image quality
with data size reduction. A lossy compression method is employed, selectively discarding
certain visual information to reduce file size. The level of compression is regulated by a
quality parameter, referred to as the @-value, which varies between 0 and 100. Higher
Q-values preserve more image details but produce larger file sizes, whereas lower values
sacrifice detail to achieve greater compression.

In this study, we evaluated JPEG compression across various quality levels, from
high quality (JPEG-H) to very low quality (JPEG-VL), using default settings for other
compression parameters. Figure 5.3 shows the average data sizes for each JPEG quality
level. To structure our analysis, we defined four specific scenarios: JPEG-H (high quality)
with a Q-value of 100, JPEG-M (medium quality) at 80, JPEG-L (low quality) at 30,
and JPEG-VL (very low quality) at 10. This range of compression scenarios allows us
to observe how quality affects data volume across different image resolutions: 640x640
for edge processing and 1280x1280 for cloud transmission. This analysis helps identify
configurations that reduce data size while maintaining the visual quality.

H.265 Compression applying H.265 compression to stream camera sensor data re-
quires adjusting several configurations and parameters, each impacting compression qual-
ity, latency, and overall performance. Fine-tuning these parameters is essential to balance
image quality and transmission delay, which is particularly important in real-time appli-
cations like autonomous vehicle perception.

Key parameters include the Constant Rate Factor (CRF), encoding presets, and looka-
head settings, each providing distinct control over the trade-offs in encoding. The follow-
ing sections examine these parameters in detail, focusing on their impact on the efficiency
and latency of H.265 compression.
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e H.265 Frames: H.265 encoding utilizes three frame types to optimize compression
efficiency: I-frames (intra-coded), P-frames (predictive), and B-frames (bidirectional
predictive), each playing a distinct role. I-frames, or key frames, serve as reference
points, enabling subsequent P-frames and B-frames to compress data by referenc-
ing them. I-frames are compressed by encoding minor variations between adjacent
pixels, leveraging pixel similarity to reduce data size.

P-frames are not self-contained, they encode only changes from the previous I-frame
or P-frame, achieving high compression by representing object movement. B-frames
improve efficiency further by referencing both preceding and succeeding frames,
yielding smaller data sizes and higher quality. However, this added complexity
increases encoding latency. In latency sensitive applications, such as real-time object
detection, B-frames are often excluded to reduce latency. In these cases, only I-
frames and P-frames are used, streamlining encoding for optimal performance.

e Lookahead: The lookahead function enables the encoder to analyze future frames
before encoding the current frame, improving compression efficiency and data qual-
ity. However, this introduces latency, making it impractical for real-time applica-
tions like autonomous driving. Disabling lookahead allows the encoding process to
rely only on I-frames and P-frames. Although less efficient than configurations with
B-frames, this approach satisfies the latency constraints of real-time streaming.

e Constant Rate Factor (CRF): CRF is a quality control variable that adjusts
visual quality based on frame complexity and motion in H.265 encoding. CRF
values range from 0 to 51, with lower values indicating higher quality but larger
data sizes. Adjusting CRF helps balance desired image quality with data size for
transmission to edge or cloud processing nodes. Lower CRF values produce high
quality images requiring higher bandwidth, while higher CRF values reduce data
size by decreasing image quality, thereby optimizing bandwidth usage.

To identify optimal CRF values for our real-time object detection use case, we con-
ducted a trade-off analysis. We disabled lookahead and excluded B-frames while keeping
other encoding parameters at default settings, as implemented in FFmpeg!.

By omitting B-frames and lookahead, we achieved a notable reduction in computa-
tional complexity and latency, which is beneficial for applications requiring immediate
data transmission. Figure 5.4 presents the experimental results, illustrating the rela-
tionship between CRF values and resulting data sizes. Lower CRF wvalues, indicating
higher quality, correspond to larger data sizes, while higher CRF' values reduce data size
at the expense of quality. This correlation underpins the trade-off between quality and
compression level, from high-quality (H.265-H) to very low quality (H.265-VL).

To facilitate further analysis, we defined four specific compression scenarios: H.265-H
at CRF 0 for high quality, H.265-M at CRF 24 for medium quality, H.265-L at CRF 30
for low quality, and H.265-VL at CRF 51 for very low quality. These scenarios enable us
to evaluate the impact of different CRF levels on data transmission sizes, using two image
dimensions: 640x640 for edge processing and 1280x1280 for cloud processing.

! Available: https://github.com/FFmpeg/FFmpeg
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5.4 Training Protocol

To train each model, we conducted 100 epochs using a single NVIDIA Tesla V100 GPU.
We selected the Adam optimizer with an initial learning rate of 0.001 to facilitate efficient
convergence. To maximize computational efficiency and expedite the training process, we
adjusted the batch size for each experiment to the largest size that the GPU memory could
support. This approach ensured full utilization of the GPU capabilities and maintained
stable training performance across all configurations.

5.5 Results

This section presents the experimental evaluation of our proposed data offloading strate-
gies. The experiments were conducted using the framework setup detailed in Section
5.3. Our analysis focuses on two critical performance indicators: end-to-end delay and
detection quality. These metrics are essential for assessing the feasibility and efficiency
of real-time object detection in autonomous driving environments, as they directly im-
pact the vehicle ability to make timely and accurate decisions. Monitoring end-to-end
delay enables us to identify latency-related bottlenecks, while assessing detection quality
reveals potential compromises in object detection accuracy. Together, these insights help
to clarify the strengths and limitations of various offloading strategies in supporting safe
and responsive autonomous vehicle operations.
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5.5.1 End-to-end delay evaluation

To evaluate the performance and latency trade-offs of the three scenarios outlined in
Section 5.3 and Table 5.5, we begin by measuring their respective end-to-end delays.

In the local processing scenario, the end-to-end delay depends solely on the onboard
hardware inference time. This measurement includes essential processing steps such as
input preprocessing, non-maximum suppression (NMS), and the model forward pass. In-
corporating these components, we observe a local end-to-end delay of 19.5 ms. This
baseline latency serves as a reference point in our performance analysis, highlighting the
efficiency of local data processing without data offloading.

In the second and third scenarios, we analyze the data offloading strategies between
the vehicle and edge or cloud platforms. Network latency is assessed using the end-to-
end simulation framework illustrated in Figure 5.2. Key network simulation parameters,
including throughput and packet loss ratio, are detailed in Table 5.3. The end-to-end delay
in these scenarios accounts for the processes of compression, transmission, decompression,
and inference. While the time required to transmit detection results back to the vehicle is
not explicitly measured, an additional latency of 0.43 ms is added for this transmission.
This estimation is based on the premise that the raw detection results fit within a single
packet. Table 5.3 further supports this assumption, indicating that a packet size of 4096
B requires an average of 0.43 ms to travel from the edge or cloud to the vehicle.

Transmitting raw, uncompressed frames to remote platforms introduces significant
transmission delays due to the large data sizes involved. In our measurements, the vehicle-
to-edge scenario exhibited an average end-to-end latency of 123.2 ms, which increased
substantially to 521.7 ms in the vehicle-to-cloud scenario, as higher-quality frames were
processed by the cloud model. These delays are impractical for most real-time perception
applications. To address this challenge, we explored various compression strategies, as
detailed in Section 5.3.4, to minimize the amount of camera sensor data transmitted over
the network to the edge or cloud. Compression is performed locally on the vehicle, while
decompression is executed on the edge or cloud platform, depending on the scenario. As
shown in Table 5.5, these strategies significantly reduce frame sizes, enabling real-time
remote object detection with the support of C-V2X communication.

Table 5.5 provides a detailed analysis of data size and end-to-end delay for edge and
cloud scenarios across different JPEG and H.265 compression quality levels. In the edge
scenario, the uncompressed data size is 1.23 MB, resulting in an end-to-end delay of 123.20
ms. High-quality JPEG compression reduces the data size significantly to 174.12 KB
(13.82% of the original size), lowering the delay to 59.48 ms. Further reductions in JPEG
quality lead to smaller data sizes and shorter delays, with JPEG very low compression
bringing the size down to 9.48 KB (0.75% of the original size) and reducing the delay
to 37.27 ms. Similarly, H.265 compression shows remarkable efficiency by leveraging
temporal relationships between frames. At its very low compression setting, the data size
is minimized to just 0.26 KB (0.01% of the original size), achieving an end-to-end delay
of 37.47 ms. These results highlight the potential of compression techniques to drastically
reduce data transmission sizes and enable real-time perception.
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Avg. data size

End-to-end

Platform  JPEG Quality (% of original) delay (ms)
No compression  1.23 MB (100%) 123.20
JPEG-H 174.12 KB (13.82%) 59.48
JPEG-M 40.78 KB (3.24%) 43.59
JPEG-L 17.86 KB (1.42%) 39.62
Edge JPEG-VL 9.48 KB (0.75%) 37.27
640x640 gy 96511 100 KB (2.00%) 18.65
H.265-M 4.20 KB (0.09%) 41.61
H.265-L 1.80 KB (0.04%) 38.51
H.265-VL 0.26 KB (0.01%) 37.47
No compression  4.92 MB (100%) 521.7
JPEG-H 604.38 KB (12.00%) 74.50
JPEG-M 125.51 KB (2.50%) 40.71
JPEG-L 53.78 KB (1.13%) 32.93
Cloud  JPEG-VL 28.60 KB (0.6%) 29.42
1280>1280 1 96511 220 KB (4.37%) 16.93
H.265-M 11.20 KB (0.22%) 30.21
H.265-L 4.69 KB (0.09%) 28.72
H.265-VL 0.69 KB (0.01%) 27.78

TABLE 5.5: Summary of data sizes and end-to-end delays for edge and cloud scenarios
using various compression qualities. For a detailed breakdown of these delays, refer to
Figure 5.5. Source: Reprinted from [57], with permission, (€)2023 Elsevier.

In the cloud scenario, the uncompressed data size is significantly larger, starting at
4.92 MB and resulting in an end-to-end delay of 521.7 ms. However, as in the edge
scenario, applying JPEG and H.265 compression effectively reduces both data size and
delay. With very low JPEG compression, the data size decreases to 28.60 KB (0.6% of
the original), reducing the delay to 29.42 ms. Similarly, H.265 compression at its very
low setting reduces the size to just 0.69 KB (0.01% of the original), achieving a delay of
27.78 ms. Table 5.5 highlights the effectiveness of compression techniques in minimizing
data size and latency for both vehicle-to-edge and vehicle-to-cloud scenarios, Figure 5.5
provides a detailed breakdown of end-to-end delays. Compression and decompression
have a negligible impact on overall delay across all scenarios. Network transmission times
increase with larger data sizes. Inference latency remains constant for a given platform
since the same model and input resolution are used. Notably, all compression qualities,
except for JPEG-H, enable real-time operation at 20 Hz on both platforms.

The breakdown of average end-to-end delay (ms) includes three key components: com-
pression overhead, network transfer time, and inference time. The compression overhead
represents the time required to compress data on the local device before transmission,
while network transfer time accounts for the latency introduced during data transmission
between the vehicle and edge or cloud platforms. Finally, inference time reflects the time
taken by the remote platform to process the data and generate detection results. A dashed
line in Figure 5.5 indicates the 20 Hz latency constraint, corresponding to a maximum
allowable delay of 50 ms for real-time object detection. This line serves as a benchmark
to evaluate whether different compression and offloading strategies can meet the stringent
timing requirements for real-time perception. The following section explores the effects
of compression on detection quality in detail.
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FIGURE 5.5: Average end-to-end delay breakdown: compression, transfer,
and inference times, with a 20Hz latency constraint (dashed line).
Source: Reprinted from [57], with permission, ()2023 Elsevier.

5.5.2 Analyzing detection quality

To comprehensively evaluate detection quality, relying only on Precision and Recall met-
rics is insufficient. Instead, following standard object detection practices, we compute the
Average Precision (AP), which represents the area under the Precision-Recall curve. A
detection is considered a true positive if its Intersection-over-Union (IoU) with the ground
truth bounding box exceeds 50%. To provide an overall metric across all classes, the AP
values for individual classes are averaged, yielding the Mean Average Precision (mAP).

As discussed earlier, applying various compression techniques can significantly reduce
end-to-end latency. However, excessive compression may negatively impact detection
quality, resulting in a lower mAP. This section aims to find the optimal balance between
detection accuracy and latency. The trade-offs are illustrated in Figure 5.6.

As expected, local processing achieves the shortest latency at 19.5 milliseconds with an
mAP of 64%. Figure 5.6 also shows that the cloud platform consistently outperforms the
edge platform in balancing mAP and end-to-end latency across comparable compression
techniques. For instance, on the cloud platform using H.265-H compression, the mAP
reaches 82% with an end-to-end delay of 46.93 milliseconds. Notably, with H.265-M
compression, the mAP remains at 82%, but the delay is significantly reduced to 29.21
milliseconds. Despite increasing the CRF to 24 in H.265-M for higher compression, the
stable mAP indicates that object detection performance was not adversely affected.
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FIGURE 5.6: Trade-off between mean average precision (mAP) and end-to-end delay across
various platforms and compression levels. The total delay accounts for the combined durations
of compression, network transmission, decompression, and object detection inference. Extremely
low-quality settings for H.265-VL and JPEG-VL are excluded from consideration, as their mAP
values fall below 10%, which is insufficient for acceptable detection performance, even with
reduced delays. Source: Reprinted from [57], with permission, (€)2023 Elsevier.

The key insight is the substantial reduction in end-to-end delay to just 29.21 ms. The
advantages observed are attributed to the core functionality of the Constant Rate Factor
(CRF) in the H.265 codec, which skillfully balances video quality with file size. Even at
elevated compression levels, the codec preserves critical features and details essential for
accurate object detection. This decrease in file size enhances data transmission efficiency,
substantially reducing the end-to-end delay.

In summary, the H.265-M compression emerges as a compelling choice for real-time
object detection on cloud platforms. It maintains consistent detection accuracy while sig-
nificantly improving responsiveness by lowering the delay. Additionally, further reducing
the compression quality to H.265-L leads to a slight drop in mean average precision (mAP)
to 72%, along with an additional reduction in delay to 28.72 milliseconds. Figure 5.6
illustrates the progression of mAP using JPEG compression techniques on the cloud plat-
form. The mAP increases from 58% with JPEG-L to 81% with JPEG-M, reaching up to
85% with JPEG-H. At the same time, the end-to-end delay rises from 32.93 milliseconds
(JPEG-L) to 40.71 milliseconds (JPEG-M), peaking at 74.50 milliseconds with JPEG-H.

Although JPEG-H provides the highest detection quality with an mAP of 85%, its
increased latency of 74.5 milliseconds renders it unsuitable for real-time object detection
at 20 Hz. However, it remains a viable option for applications where a 10 Hz latency
is acceptable. Tasks like long-range route planning and trajectory optimization, which
are less sensitive to latency constraints, can benefit from the enhanced detection quality
without significantly affecting overall system performance. This analysis highlights the
potential to strategically balance detection accuracy and latency by leveraging Edge and
Cloud platforms in real-world applications.
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(A) H.265-H (CRF=0); Detected: 1 (B) H.265-M (CRF=24); Detected: 1
pedestrian, 7 vehicles, 8 traffic light pedestrian, 7 vehicles, 7 traffic light

7 .

(c) H.265-L (CRF=30); Detected: 0 (D) H.265-VL (CRF=51); Detected: 0
pedestrian, 7 vehicles, 6 traffic light pedestrian, 0 vehicles, 0 traffic light

FIGURE 5.7: Visualisation of the number of detected pedestrians, vehicles and traffic light in

the cloud platform on different H.265 compression settings. A detection is considered only if its

ToU with a ground truth bounding box exceeds 50%. Ground truth: 8 traffic lights, 8 vehicles
and 2 pedestrians. Source: Reprinted from [57], with permission, (€)2023 Elsevier.

In the edge scenario, applying high-quality H.265 compression (H.265-H) results in a
mean average precision (mAP) of 67% with an end-to-end delay of 48.65 milliseconds.
When the compression quality is reduced to medium (H.265-M) and low (H.265-L), the
mAP decreases to 57% and 45%, respectively, while the delay shortens to 41.61 millisec-
onds and 38.51 milliseconds.

This trend is particularly noteworthy when contrasted with the cloud scenario. How-
ever, it aligns with findings from earlier studies [148, 100, 50], which indicate that H.265
compression tends to perform better with high-resolution input images. For JPEG com-
pression on the edge platform, the mAP improves from 51% using low quality (JPEG-L)
to 66% with medium quality (JPEG-M), and reaches 67% at high quality (JPEG-H). Cor-
respondingly, the end-to-end delay increases from 39.62 milliseconds (JPEG-L) to 43.59
milliseconds (JPEG-M), peaking at 59.48 milliseconds (JPEG-H). These results suggest
that the edge platform does not currently offer a significant advantage over cloud offload-
ing. However, the performance and competitiveness of edge computing could potentially
be enhanced by employing specialized hardware designed for efficient inference, rather
than relying on conventional consumer GPUs.

In contrast, the cloud platform delivers notably better results, achieving higher de-
tection performance with both JPEG and H.265 compression methods. Specifically, it
attains an mAP of 81% using JPEG-M and 82% with H.265-H, all while maintaining end-
to-end delays below 50 ms. This ensures compliance with the 20 Hz real-time processing
requirement. While compression is essential for real time functionality on both edge and
cloud platforms, it can adversely affect detection quality.
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c . Platf Pedestrian Vehicle Traffic light

otupression atlorm (+% of Local) (4% of Local) (4% of Local)
Local 0.30 (0%) 0.79 (0%) 0.80 (0%)
No compression Edge 0.36 (+20%) 0.81 (+2%) 0.82 (+2%)
Cloud 0.81 (+170%) 0.89 (+12%) 0.86 (+7%)
IPEGH Edge 0.36 (+20%) 0.80 (+1%) 0.82 (+2%)
Cloud 0.80 (+166%) 0.89 (+12%) 0.86 (+7%)
IPECAL Edge 0.41 (+36%)  0.83 (+5%) 0.78 (-2%)
Cloud  0.65 (+116%) 0.88 (+11%)  0.85 (+6%)
JPEG-L Edge 0.35 (+16%) 0.77 (-2%) 0.74 (-7%)
Cloud 0.43 (+43%) 0.84 (+6%) 0.81 (+1%)
Edge 0.23 (-23%) 0.73 (-7%) 0.55 (-31%)
JPEG-VL Cloud 0.24 (-20.00%) 0.78 (-1%) 0.62 (-22%)
o6 Edge  0.36 (+20%)  0.80 (+1%)  0.83 (+3%)

' Cloud  0.68 (+126%)  0.83 (+5%)  0.83 (+3%)
H.265-M Edge 0.25 (-16%) 0.78 (-1%) 0.82 (+2%)

' Cloud  0.69 (+130%)  0.84 (+6%) 0.82 (+2%)
L2651, Edge 0.04 (-86%) 0.59 (-25%) 0.72 (-10%)
o Cloud 0.51 (+70%) 0.82 (+3%) 0.82 (+2%)
LL265.VL Edge 0.01 (-96%) 0.02 (-97%) 0.03 (-96%)
' Cloud 0.03 (-90%) 0.23 (-70%) 0.04 (-95%)

TABLE 5.6: We present per-class Average Precision (AP) scores across various com-

pression qualities and computational platforms. The input resolutions are set to

640x 640 pixels for both local and edge platforms, and 1280x 1280 pixels for the cloud

platform. The baseline performance of the local model is shaded in gray for reference.
Source: Reprinted from [57], with permission, ()2023 Elsevier.

Excessive compression levels may cause the mAP for remote detection to drop below
that of local processing, even as they introduce longer delays making the offloading process
counterproductive. For instance, when using very low-quality settings like H.265-VL and
JPEG-VL in both cloud and edge scenarios, the mAP dropped below 10%. Such a low
detection rate is unacceptable despite the reduced end-to-end latency, as it compromises
the overall effectiveness of the object detection system. We conducted a comprehensive
evaluation of detection quality across three primary object classes: pedestrians, vehicles,
and traffic lights. This assessment is visually depicted in Figure 5.7, illustrating how each
compression method uniquely affects these classes. The results, summarized in Table 5.6,
indicate that compression unevenly affects Average Precision (AP), with smaller classes
being more affected.

To benchmark performance, we compared various compression settings on different
platforms against a baseline scenario the local platform operating without any compres-
sion. In this baseline, the local platform achieved an AP of 30% for pedestrian detection
and higher APs of 79% and 80% for vehicles and traffic lights, respectively. As shown in
Table 5.6, switching to the cloud platform resulted in substantial improvements in pedes-
trian detection performance compared to local and edge platforms. Specifically, with
medium compression settings like JPEG-M and H.265-M, there were increases in AP of
116% and 130%, respectively. This demonstrates that the cloud platform can significantly
enhance detection quality for certain classes when appropriate compression are applied.
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5.6 Conclusion and Future Work

In this study, we investigated the feasibility of performing real-time object detection re-
motely. While larger neural network models typically offer better detection performance,
they also require substantial computational power. Due to cost and energy constraints in-
herent in autonomous vehicles, running the most advanced models locally and in real time
is often impractical. To overcome this limitation, we proposed several strategies to of-
fload object detection tasks to edge or cloud devices using Cellular Vehicle-to-Everything
(C-V2X) communication. We evaluated these offloading strategies by comparing their
detection accuracy and their ability to meet end-to-end latency requirements. To facil-
itate this assessment, we generated a synthetic dataset and trained various versions of
the YOLOvV5 architecture. Utilizing a comprehensive end-to-end 5G network simulation
framework, we measured the network latency associated with transmitting camera frames
for processing on edge and cloud platforms. Additionally, we analyzed how employing
heavy compression techniques specifically JPEG and H.265 codecs can reduce frame sizes
by up to 98%, thereby enabling real-time remote processing.

Our findings demonstrate that with appropriate compression, models can run in real
time on edge or cloud platforms while surpassing the performance of local detection. The
experimental results indicate that H.265 video compression provides a superior balance
between detection quality and end-to-end latency compared to JPEG image compression,
especially in cloud-based scenarios. Nonetheless, JPEG compression remains sufficient in
certain contexts, such as applications where a 10 Hz latency is acceptable. Importantly,
our experiments revealed that excessive compression can degrade detection quality rela-
tive to processing raw frames, particularly for detecting pedestrians. This highlights the
necessity of carefully balancing compression levels to maintain high detection accuracy
while satisfying real-time latency constraints in autonomous driving applications.
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Chapter 6

Lightweight Feature Sharing for
Real-Time Perception

As discussed in the previous chapter, most object detection models face a trade-off be-
tween high accuracy and fast inference speeds, creating challenges in achieving real-time
performance. While JPEG and H.265 compression can aid in streaming sensor data for
edge or cloud-based processing, another promising approach is network layer partition-
ing. This approach enables computationally intensive layers to be processed in the cloud
while retaining lighter layers on the vehicle, effectively balancing workload distribution
and potentially enhancing overall performance [22].

This chapter presents the development and evaluation of a model partitioning strategy
designed for cooperative perception in autonomous driving. Our approach addresses the
inherent trade-off between high detection accuracy and low latency, both of which are
crucial for real-time performance. By partitioning the model such that computationally
heavy layers are processed in the cloud while lighter layers remain on the vehicle, we aim
to optimize data transmission and processing efficiency.

This chapter builds upon the following publications:

Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Lightweight Features
Sharing for Real-Time Object Detection in Cooperative Driving”. In: 2023
IEEE Vehicular Networking Conference (VNC). IEEE, 2023. por: 10.1109/
VNC57357.2023.10136339

The chapter is organized as follows: Section 6.1 introduces the motivation for this
chapter, concluding with a summary of contributions. Section 6.2 reviews related work on
lightweight feature vector sharing for real-time object detection. Section 6.3 outlines the
methodology and technical details of our approach. Section 6.4 presents and discusses our
findings, demonstrating the effectiveness of feature sharing between vehicles and the cloud,
along with an evaluation of bandwidth requirements. Finally, Section 6.5 summarizes our
findings and outlines directions for future work.


https://doi.org/10.1109/VNC57357.2023.10136339
https://doi.org/10.1109/VNC57357.2023.10136339
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6.1 Introduction

Real-time object detection is essential for enhancing the safety and operational efficiency of
autonomous vehicles. However, the computational demands of advanced object detection
algorithms often exceed the processing capacity of the limited hardware available in many
vehicles. Most object detectors must balance a trade-off between accuracy and speed,
making it difficult to achieve high levels of real-time performance without significant
sacrifices in either domain. A promising solution to this issue is model partitioning,
where parts of the network layers are processed on the vehicle while more computationally
demanding layers are offloaded to the cloud for processing [22].

The core concept of model partitioning involves assigning computationally heavy layers
to the cloud while retaining lightweight layers on the vehicle. This approach aims to
maintain high detection accuracy by distributing computational tasks according to the
processing capabilities of each platform. However, this partitioning comes with an inherent
challenge: the latency introduced by transmitting intermediate data from the vehicle to
the cloud. Such latency can pose a significant problem for real-time applications, as strict
timing constraints are often necessary to ensure safe and responsive object detection.

To address these latency issues, previous studies have explored post-training quan-
tization and compression of layer activations as practical solutions [22]. Quantization
and compression techniques reduce the memory footprint and network bandwidth re-
quirements, which, in turn, lowers transmission delays and computational costs. After
applying quantization, additional data compression often using lossless encoding methods
can further minimize the size of the feature tensors being transmitted, optimizing the
data flow between vehicle and cloud.

This work specifically investigates the latency implications of lightweight feature shar-
ing over a cellular network. Our study examines critical factors such as the optimal choice
of partitioning layers, the achievable accuracy levels, and the overall impact on latency,
offering insights into how these aspects influence real-time performance.

This chapter contributes to the research with the following:

/—[ Contributions} ~

e Designed a model partitioning strategy that optimizes data transmission
by balancing delay and accuracy through early network splitting.

e Analyzed the effects of quantization and clipping on detection accuracy and
latency, providing guidelines to balance mean Average Precision (mAP)
and end-to-end delay for cooperative perception applications.

e Evaluated lightweight feature sharing over a simulated 5G network, em-

phasizing trade-offs between compression levels and transmission latency.
& J
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6.2 Related Work

Real-time object detection for autonomous vehicles demands efficient handling of com-
putational resources and network bandwidth [57]. Previous studies have explored model
partitioning as a method to distribute processing tasks between a vehicle onboard systems
and remote cloud infrastructure [22, 104, 89]. This approach can alleviate the processing
load on vehicles by offloading computationally intensive layers to the cloud, while lighter
layers are retained locally [50]. However, model partitioning often introduces latency
due to data transmission requirements, which is especially challenging for applications
requiring low-latency responses [51].

To mitigate these delays, prior research has focused on quantization and compression
techniques to reduce the size of transmitted data while preserving detection accuracy [89,
124]. Quantization, by lowering the bit precision of model activations, minimizes the
data that needs to be shared, thus reducing transmission time and bandwidth demands
[44]. Compression methods, such as zlib or other lossless algorithms, have been applied
in tandem with quantization to further decrease data size without sacrificing critical
information [137]. Recent work has examined the balance between quantization levels
and detection performance, emphasizing the importance of maintaining mean Average
Precision (mAP) while achieving lower transmission delays [16].

Cooperative perception frameworks for autonomous vehicles leverage V2X (vehicle-to-
everything) communication to expand sensory coverage by sharing data across multiple
vehicles. Through V2X, vehicles gain a broader view of their surroundings, which im-
proves object detection and tracking capabilities in dynamic environments [94]. Despite
progress in this area, open-source simulation tools that integrate realistic perception data
with robust communication models remain limited. Extensions to simulators like CARLA
provide a testbed for cooperative perception, allowing for complex, photorealistic exper-
iments that would be impractical to conduct on real roads [170]. Simulating network
conditions is also critical to evaluating latency and bandwidth effects on cooperative per-
ception. Simu5G [114], based on OMNeT++ [151], has been widely used to model 5G
networks [39], assessing the end-to-end delays associated with packet transmission under
various network constraints [51, 106]. By providing insights into the latency characteris-
tics of 5G networks, prior work with Simu5G has helped assess the feasibility of offloading
perception tasks to the cloud, particularly under the stringent latency requirements typ-
ical of autonomous driving applications [133, 105].

While these studies have laid essential groundwork in model partitioning, quantiza-
tion, cooperative and distributed perception, and network simulation, the approach in
this chapter integrates these elements into a cohesive framework designed for real-time
object detection in cloud-augmented autonomous driving. By investigating optimal layer
partitioning, quantization settings, and compression techniques within a 5G network sim-
ulation, this work addresses the balance between detection accuracy, latency, and com-
putational efficiency. Additionally, the CARLA extension developed here offers a flexible
simulation environment for sensor data sharing among vehicles, supporting further ad-
vances in efficient data transmission strategies for scalable autonomous driving systems.
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FIGURE 6.1: System overview of lightweight feature sharing for real-time object detection in
cooperative driving. Source: Reprinted from [58] with permission, (©)2023 IEEE.

6.3 Methodology

This section details the methodology used to implement and evaluate a model partitioning
strategy for real-time object detection in autonomous driving. The proposed approach
combines model partitioning, quantization, and compression techniques to manage the
computational and bandwidth limitations of vehicle-based systems while leveraging cloud
resources for complex processing tasks. We begin by defining a model architecture in
which lightweight feature extraction is performed locally on the vehicle, followed by data
transmission to the cloud. To optimize data transfer and reduce latency, we apply post-
training quantization and lossless compression to the feature maps before transmission. A
simulated 5G network environment is used to assess the impact of different quantization
and compression settings on latency, providing insights into how these configurations can
support cooperative perception in cloud supported perception systems. The methodology
also outlines the experimental setup, hardware configurations, and dataset design used to
validate the proposed framework, as shown in Figure 6.1.

6.3.1 Lightweight Feature Sharing

Building on the experimental results and findings on different YOLO variants from the
previous chapter, this chapter focuses specifically on the larger variant for further investi-
gation. This model demonstrates strong potential for real-time perception in distributed
computing environments utilizing cloud resources. Configured with an input resolution of
640 x 640 pixels and consisting of 43 million learnable parameters [75], the larger YOLO
model is structured for efficient feature sharing. The initial layers, which handle lower-
level feature extraction, are executed locally on the vehicle to process raw sensor input,
generating intermediate activation maps that encode spatial and structural information
essential for object detection. As illustrated in Figure 6.1, our method extracts activation
maps from the local vehicle processing unit, specifically from the initial model layers that
function as a feature extractor. These early layers capture key features from the input,
generating intermediate activation maps that are subsequently transferred to the cloud
for further processing. Due to the substantial size of these activation maps, direct trans-
mission demands high bandwidth, as discussed in Chapter 3. To mitigate this, we applied
quantization and compression to reduce the size of the data prior to transmission.
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Upon receiving the compressed feature maps, the cloud performs decompression and
dequantization. The remaining model layers, dedicated to object detection, are then
executed in the cloud, completing the inference process. This division of tasks between
local and cloud processing balances computational demands by maximizing the vehicle
limited resources and leveraging cloud processing power for more intensive computations.

For this initial setup, we apply straightforward quantization and compression tech-
niques. The feature values are clipped to a specified range, [0, ¢;nqz|, Which reduces the
variance of the feature map values and simplifies quantization. The clipped feature values
are then uniformly quantized to L discrete levels using Equation 6.1:

O = round (Chp(w) (L— 1)> (6.1)

Cmaa:

In this equation, @ represents the quantized value, clip(x) confines the feature values
to the defined range, and c¢,,,, and L are parameters that define the upper range and
the number of quantization levels, respectively. By reducing the numerical precision, we
lower the data size, thereby decreasing transmission requirements. After quantization,
we apply zlib, a lossless compression technique, to further reduce the size of the feature
maps before transmission [44]. This additional compression step helps achieve significant
bandwidth savings without sacrificing data loss, as zlib retains the original information
in the compressed data.

To estimate the end-to-end latency of this distributed object detection process, we
consider the cumulative time required for each stage. This includes the time for lo-
cal feature extraction, quantization, compression, data transmission over the network,
and cloud-based inference using the remaining model layers. This approach allows us
to comprehensively analyze how each component affects latency and overall detection
performance, particularly in scenarios that demand real-time responses.

6.3.2 Network Simulation

To simulate a 5G core network and assess end-to-end transmission latency, we employ
the SimubG framework [114], built on OMNeT++ [151]. Simu5G enables us to emu-
late realistic network conditions that autonomous vehicles may face when transmitting
data to cloud servers. In this setup, we focus on evaluating the latency of data packet
transmission, specifically for sending feature maps for remote processing.

All major simulation parameters for end-to-end network transmission latency remain
consistent with those detailed in Chapter 4. Our findings indicate that transmitting a
single 4096-byte UDP packet results in an average latency of 0.45 ms. Since raw detection
results can be encapsulated within a single packet, this adds 0.45 ms to the overall latency
each time processed detection results are sent back to the vehicle. For further details on
the parameters and configurations used in this network simulation, refer to [59, 57].
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Hardware: To assess the feasibility of the system under real-world hardware con-
straints, local computations are executed on an NVIDIA Jetson NX SoC, which has a
thermal design power (TDP) of approximately 20W, simulating the limited processing
capacity typical in vehicle based systems. Cloud side processing utilizes a high perfor-
mance setup with an NVIDIA Tesla V100 GPU and an Intel Xeon G6132 CPU, together
reaching a TDP of around 450W. This setup supports handling computationally intensive
tasks, enabling efficient processing of data offloaded from the vehicle.

Dataset: To train the object detection model, we utilized the synthetic dataset de-
scribed in the previous chapter and released as open-source with the publications [57,
59]. This dataset is specifically tailored to meet the study requirements and is divided
into three subsets: 6000 frames for training, 2000 frames for validation, and 2000 frames
for testing. Each subset is curated to cover a range of scenarios likely encountered in
real-world environments. Further details on the dataset generation process and specific
training protocols can be found in [57] and in Chapter 3.

6.4 Results

Given the structure of the YOLOvV5S architecture and the limitations of local hardware,
splitting the network in the early layers is most effective [106]. Splitting at later layers,
particularly after the introduction of skip connections [108], would require transferring
feature maps from multiple layers, increasing data transfer complexity and latency. How-
ever, strided convolutions in the deeper layers progressively reduce the spatial dimensions
of feature maps, minimizing data transfer size, a result that aligns with our preliminary
analysis and a previous study [22].

Balancing these factors, we selected layer 4 as the optimal split point. This choice al-
lows for manageable data transfer, avoids complexities from skip connections, and benefits
from the spatial reduction provided by early strided convolutions.

6.4.1 Optimal split-layer and clipping

We begin by analyzing the effects of varying ¢, and the number of quantization levels
on detection quality. As expected, the choice of quantization levels influences the optimal
value of ¢,,., due to its role in controlling the range and distribution of feature values,
which in turn affects how information is preserved during quantization.

As shown in Figure 6.2, for moderate quantization levels, specifically L = 8 and
L = 16, detection quality remains fairly robust across a range of ¢, values from 5 to
15. This robustness suggests that with these quantization levels, the model can effectively
maintain the critical features necessary for accurate object detection within this range.
This stability is beneficial for practical implementations, as it allows some flexibility in
choosing ¢,,., without significantly sacrificing mAP.
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FIGURE 6.2: Effect of varying cmq, values and quantization levels on detection
quality. The dashed line indicates the mAP of the model without quantization.
Source: Reprinted from [58] with permission, (€)2023 IEEE.

However, for more extreme quantization (e.g., lower L values), detection quality be-
comes increasingly sensitive to the choice of ¢,,4,. In these cases, a smaller ¢,,,., specifi-
cally ¢pa: = 5, yields the best results. This outcome likely reflects the need to focus the
quantization range more tightly around smaller values, ensuring that essential features
are not excessively distorted or clipped. In extreme quantization, an inappropriately high
Cmae Tisks introducing greater quantization noise and losing subtle but important varia-
tions in feature maps, thereby degrading mAP. These findings highlight the importance of
selecting appropriate ¢, values in conjunction with quantization levels to maintain de-
tection performance. The observed sensitivity at extreme quantization levels underscores
the need for careful parameter tuning in applications that require high compression but
cannot compromise detection accuracy. This trade-off between quantization aggressive-
ness and detection quality is a crucial consideration for deploying object detection models
in resource-constrained environments, such as edge devices.

6.4.2 Impact of quantization and compression levels

Figure 6.3 provides insights into the trade-off between detection quality, measured by
mAP, and end-to-end latency as we vary the quantization and compression levels. Based
on the findings from the previous section, we select ¢,,., = 5 for configurations with
L < 4, as this setting minimized mAP degradation in lower quantization scenarios, while
Cmaz = 10 1is chosen for configurations with higher quantization levels to preserve detection
quality more effectively. As quantization levels decrease, the total amount of data to be
transmitted between the vehicle and the cloud is significantly reduced, resulting in lower
latency. This effect is particularly noticeable with extreme quantization (e.g., level-2
and level-4), where we observe substantial latency improvements. However, these lower
quantization levels come with a clear trade-off, as the mAP declines notably under level-2
and level-4 quantization. This result indicates that while aggressive quantization may
reduce transmission time, it compromises detection accuracy by constraining the range
and granularity of feature representations.
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FIGURE 6.3: Trade-off between mean average precision (mAP) and end-to-end latency for
different quantization levels and compression factors. The mAP of the unquantized model is
represented by the dashed line. Source: Reprinted from [58] with permission, (€)2023 IEEE.

In practical terms, this trade-off implies that achieving very low latency may come
at the cost of reduced object detection precision, which could impact real-time decision
making in autonomous driving applications. The influence of zlib compression on latency
is also evident in Figure 6.3. As zlib compression is lossless, it does not impact mAP
directly. However, as we increase the compression factor, the time required for compression
on the local hardware rises. This additional compression time directly contributes to end-
to-end latency, particularly at higher compression factors where the compression becomes
more computationally intensive. The effect is cumulative with lower quantization levels,
where the increased compression factor further extends latency.

For moderate quantization levels (e.g., level-8 or level-16), the trade-off is more bal-
anced. Here, the mAP remains relatively stable while latency is reduced due to more
compact data representation. These quantization settings appear to provide an optimal
balance, preserving high detection accuracy while offering latency reductions that are
manageable within the constraints of real-time processing.

In summary, the results in Figures 6.2 and 6.3 underscore the need for careful tuning of
both quantization and compression factors. While low quantization and high compression
factors can provide latency benefits, these come at the cost of either mAP degradation
or increased processing times on local hardware. Selecting an optimal configuration thus
requires balancing these parameters to achieve low latency without substantially sacrific-
ing detection quality, especially for applications with strict real-time requirements. This
analysis highlights potential strategies for effectively balancing data transmission needs
and computational overhead, which are critical considerations in designing efficient, high-
performance cooperative perception systems for autonomous vehicles.
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6.5 Conclusion and Future work

In this chapter, we demonstrate the feasibility of sharing lightweight features for real-
time object detection in cooperative driving environments. Our study examined the
balance between detection quality and latency, with an emphasis on determining effective
quantization and compression levels for data sharing and distributed processing. The
results indicate that detection accuracy is particularly sensitive to the selection of ¢,q5. If
Cmaz 18 NOt Optimized, aggressive quantization can significantly degrade detection accuracy,
which impacts the reliability of real-time detection.

Additionally, while compression helps reduce transmission delays, excessive compres-
sion on local hardware can be computationally demanding. This added load leads to
increased end-to-end latency. Therefore, a balanced approach is essential, where both
quantization and compression levels are carefully tuned to minimize latency without sac-
rificing detection quality.
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Chapter 7

Experimental Validation of
Cooperative Perception

This chapter introduces a validation framework and a field trial for real-time percep-
tion, utilizing both local and cloud computing resources. Previous chapters examined
the offloading of camera sensor data processing to a cloud server, which demonstrated
significant promise, particularly in minimizing end-to-end latency and achieving high per-
ception accuracy. However, these findings were mainly based on results from vehicular
simulation. Although simulations provide controlled environments that are valuable for
initial testing, they often lack the complexity of real-world conditions. Real-world envi-
ronments are inherently dynamic and present scenarios that are challenging to replicate
in simulations, especially in the context of CAV systems and cooperative driving.

This chapter presents a real-world field trial validating our offloading approach under
diverse, uncontrolled conditions. By combining onboard processing with cloud offloading,
we evaluate performance across key metrics: end-to-end delay, detection accuracy, and
resilience to environmental variability, with a focus on network measurements. The trial
also benchmarks H.265 encoding for data compression to optimize V2X transmission,
balancing bandwidth usage with perception quality.

This chapter builds upon the following publication:

Faisal Hawlader, Francois Robinet, and Raphaél Frank. “Cooperative Percep-
tion Using V2X Communications: An Experimental Study”. In: 2024 IEFEFE
100th Vehicular Technology Conference (VTC2024-Fall). TEEE. 2024. DOI:
10.1109/VTC2024-Fall163153.2024.10757448

The remainder of this paper is structured as follows. In Section 7.2, we review the related
literature. Section 7.3 describes experimental setup, including details on the hardware and
software configuration, the vehicle instrumentation, and data collection during field trials.
Section 7.4 presents the experimental results and discusses data processing trade-offs in
terms of end-to-end delay and detection quality. Finally, in Section 7.5, we conclude this
work with a summary of our findings.


https://doi.org/10.1109/VTC2024-Fall63153.2024.10757448
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7.1 Introduction

Simulations are valuable for initial testing of perception frameworks [55, 53], providing
controlled conditions for preliminary evaluations [61]. They lack the dynamic complexity
of real world environments [54], which is essential to validate performance under gen-
uine and unpredictable conditions [8]. Previous studies indicate that cloud offloading of
perception tasks can reduce end-to-end delay and improve accuracy [51, 57]. However,
these results are often based on simplified simulations [53]. For example, network latency
in simulations may remain stable, whereas real-world latency varies widely due to fac-
tors such as location, interference, and congestion, all of which can significantly affect
end-to-end delay [165]. Real-world validation, therefore, is crucial to understanding how
perception frameworks perform outside controlled environments [9].

This chapter addresses this gap by presenting a field trial of a hybrid perception
framework that combines on-board and cloud processing. The trial evaluates end-to-end
latency, detection accuracy, including network fluctuations [118, 117], and environmental
variability. Furthermore, we benchmark the H.265 encoding to assess its effectiveness in
balancing bandwidth use and perception quality in practical scenarios [158, 126].

Insights from this field trial deepen our understanding of perception system limitations.
They reveal opportunities to optimize these systems under real-world conditions. This
knowledge is essential to advance autonomous driving systems beyond the capabilities of
simulation-based studies alone.

In this chapter, we make the following key contributions, including the release of a
real-world driving dataset!:

—{ Contributions] N

e We present a validation framework for assessing real-time perception in
connected driving environments. This framework employs field trials and
rigorous validation methods to address challenges in sensor data processing,
including latency management and communication constraints.

e We introduce a real-world driving dataset captured with a front-facing
rooftop camera, annotated with pedestrian, vehicle, and traffic light classes.
This dataset supports the training and evaluation of object detection mod-
els within a perception pipeline tailored for cooperative driving scenarios.

e We evaluate both onboard and cloud processing approaches to enhance
real-time object detection and minimize latency under real-world condi-
tions. For cloud offloading, we apply H.265 video encoding, and examine
the trade-off between end-to-end delay and detection accuracy to balance

bandwidth requirements with perception quality.
. J

!Dataset available: https://zenodo.org/records/14523854
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7.2 Related Work

This section reviews the existing literature on real-time perception for connected and
automated driving, focusing on key areas directly relevant to our study [56].

Prior research has established the pivotal role of V2X communication in extending
perception range and advancing connected driving systems [34, 140, 55]. Recent studies
have examined various facets of V2X and CPM, focusing on communication protocols
and message formats [91, 132]. Protocols such as ITS-G5 [140, 138] and C-V2X [48, 107]
are frequently investigated for their ability to support low-latency, reliable data channels
between vehicles [114, 130]. Additionally, research efforts have aimed at optimizing CPM
message formats and establishing generation rules [41] to facilitate relevant perception
data exchange while minimizing communication overhead [30, 143].

Despite these advancements [142, 96], onboard perception systems continue to face
substantial challenges [121]. Vehicles equipped with limited computing resources often
struggle to meet the high computational demands required for real-time perception and
decision-making [49, 51]. This issue becomes particularly pronounced in dynamic envi-
ronments [66], where processing delays can compromise both perception accuracy and the
system ability to react quickly [21]. Consequently, there exists a critical trade-off between
accuracy and processing speed, where optimizing one frequently impacts the other [11,
111]. This trade-off has been widely documented in recent surveys [165], underscoring the
need for more efficient, adaptive perception frameworks to enhance system performance
without overburdening onboard hardware.

Integrating cloud technology with C-V2X has emerged as a promising approach [34],
as it enables vehicles to transmit sensor data to remote cloud servers with ample computa-
tional resources [93, 78|. This setup allows for more scalable and computationally intensive
processing, fostering the development of robust driving ecosystems [51, 38]. Studies have
shown that cloud-based C-V2X processing enhances scalability and supports more com-
plex perception tasks [93, 2]. However, challenges such as data transmission latency and
limited bandwidth remain significant barriers to fully realizing this potential [4, 141].

Addressing these limitations requires sustained research and investment to optimize
the integration of cloud and connected vehicle technologies [90, 25]. Testing and vali-
dating such integrated systems in real time is essential for ensuring they meet latency
and other application-specific requirements [40, 169]. Nonetheless, implementing these
systems in vehicles introduces further complexities. Equipping vehicles with necessary
sensors, communication hardware, and software that seamlessly integrates with cloud
servers can be costly and may face constraints from regulatory and safety considerations.
These challenges often limit the scope of real-world tests, leading many researchers to rely
on simulation-based evaluations, which lack direct real-world applicability [135, 23].



90 Chapter 7. Experimental Validation of Cooperative Perception

7.3 Methodology

In this section, we detail the methodology used to design and setup the testbed framework
aimed at evaluating distributed vehicular perception.

7.3.1 Tested Scenarios

We evaluate the performance of cooperative object detection through two distinct scenar-
ios, depicted on Fig. 7.1.

e Local scenario: Camera images are processed on-board upon capture. To cope
with on-board hardware constraint, a lightweight detector is used (see Section 7.3.6
for details). The detection results are then encoded to generate CPM, which are
broadcast to nearby vehicles or roadside units (RSU) using the ITS-5G communi-
cation standardized by the ETSI [146].

e Cloud scenario: Camera images are compressed on-board upon capture using the
H.265 codec. The compressed bitstream is then transmitted to the cloud using the
cellular mode of C-V2X. Once on the cloud, the encoded frames undergo decoding,
followed by an inference step to detect objects. Since hardware constraints are re-
laxed on the cloud compared to on-board, a more computationally demanding model
is used than in the Local scenario. Finally, the detection results are transmitted
back to the originating vehicle as well as to nearby vehicles using C-V2X.

The Local scenario focuses on on-board processing within the vehicle, while the Cloud
scenario explores the potential benefits of cloud-based processing. We aim to evaluate and
compare the performance of local and cloud processing approaches in terms of end-to-end
delay, detection quality, and overall effectiveness in real-world driving scenarios.

7.3.2 Vehicle Instrumentation

We conduct experiments using an experimental vehicle used for CAVs research. The
vehicle, a 2018 KIA Soul EV, is equipped with a suite of sensors, including a LiDAR,
cameras, and a GNSS receiver. These sensors are crucial for capturing environmental data
required for perception tasks. However, for the purposes of this study, we focus exclusively
on processing data from a single front-facing camera sensor. Communications between
vehicles and with infrastructure are facilitated by the YoGoKo Y-Box communication
module, which features I'TS-G5 and C-V2X communication technologies. For further
information on the test vehicle, equipped sensors, hardware, and driving software stack,
we refer the reader to [155].
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FiGURE 7.1: Experimental scenarios: in the Local scenario, inference is performed on-board

using a lightweight detection model, and the results are transmitted as CPMs to nearby vehicles

and/or infrastructures over ITS-G5. In the Cloud scenario, a compressed video feed is sent to

a Cloud server using C-V2X, where a more computationally demanding detector is used. The

detection results are then transmitted to vehicles in the vicinity, enabling cooperative perception.
Source: Reprinted from [56] with permission, (C)2024 IEEE.

7.3.3 Test Route & Network Measurements

Our driving tests were conducted on public roads in the Kirchberg area of Luxembourg
City, illustrated in Figure 7.2. This area offers diverse road features and traffic conditions,
allowing to evaluate cooperative perception scenarios with a high degree of realism.

In the Local scenario, the experimental setup for the CPM measurements involved
conducting V2X communication using the I'TS-G5 protocol within a dynamic environ-
ment. The experimental setup involved a stationary receiver located at specific coordi-
nates (lon 6.161993, lat 49.626478) while a transmitter vehicle moved at speeds ranging
from 40 to 50 km/h. This stationary receiver position was chosen to ensure consistency
in measurement conditions, providing a fixed reference point for assessing the quality of
communication between the transmitter vehicle and the receiver. The experimental route
spans over a distance of approximately 1.5km?. Within this experimental setup, we eval-
uated the transmission of CPM messages to assess the reliability and performance of V2X
communication under public traffic conditions.

2Local test route:http://g-0.1u/3/GsHC


 http://g-o.lu/3/GsHC
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FIGURE 7.2: Test site in Luxembourg City, illustrating area and
route for local (black) and cloud (blue) processing scenarios.

In the Cloud scenario, the driving route spans approximately 4km® and we use the
cellular mode of the C-V2X technology to communicate with a cloud server located at
the premises of the University of Luxembourg in the same area. Twelve commercial base
stations are located in proximity of the test route, including 4G and 5G (non-standalone)
cellular sites, using Low- (700 MHz) and Mid-band (3.6 GHz) frequencies. The area
features an average download throughput of 55 Mbit/s for 4G and 105 Mbit/s for 5G,
whereas the average upload throughput oscillates between 20 and 30 Mbit/s for both
technologies. We use UDP for data offloading to the cloud, as UDP has shown potential
for streaming sensor data to a remote cloud for processing with the lowest end-to-end
delay [57].

7.3.4 Data Collection & Annotation

Data collection is a crucial aspect in the development and evaluation of perception systems
for autonomous vehicles. To obtain more accurate detection results on the previously
introduced test routes, we first collect and annotate a dataset, and then perform transfer
learning on the pre-trained YOLO model. To do so, we set up a front-facing camera
and a GNSS sensor mounted in the front of the roof rack of the vehicle. We collected
5000 frames at 1Hz with synchronized time and GNSS measurements along the Cloud
test route described in Section 7.3.3. To generate ground truth data for training and
evaluation purposes, we manually annotated the collected frames and divided them into
training (70%), validation (15%), and test (15%) subsets. The annotation process involved
meticulously labeling objects of interest in the captured images, focusing on three object
classes: pedestrians, vehicles, and traffic lights. We use the specialized Roboflow [76]
annotation tool to streamline this process and ensure accurate labeling. The dataset
comprises a total of 59574 annotated instances across all classes, with an average of 15
objects per image.

3Cloud test route:http://g-0.1u/3/96TS
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FI1GURE 7.3: Overview of the different containers and their roles in the CPM format, as specified
by the ETSI standard [146]. Source: Reprinted from [56] with permission, (€)2024 IEEE.

7.3.5 CPM Encoding

In the Local scenario, the results of the object detection performed on-board are packaged
into CPMs and broadcast to nearby vehicles over the I'TS-G5 communication protocol.
The list of detected objects is encoded into CPM following the ETSI standard [146]. A
basic overview of different containers included in the CPM message format is displayed
on Fig. 7.3. The ITS-PDU header, management data, and sensor information contain-
ers include, among others, information such as protocol versions, message type, reference
position, and sensor ID. Containers of detected objects include information about the
detected objects, such as the class of the object and the confidence level assigned by the
perception system. According to the ETSI definition, the CPM should also include per-
ception regions, which shall list the location information of the detected objects calibrated
with the sensor location. Obtaining the location of the object would require an additional
localization technique to be employed for each detected object, which is beyond the scope
of this work. In order to maintain the standard format of the CPM payload, the ego
vehicle location is used for the perception region.

7.3.6 Hardware Configuration & Detection Models

The limited processing capabilities and energy constraints inherent to vehicles pose sig-
nificant challenges to real time applications such as cooperative perception. As a result,
computational tasks are often offloaded to external resources, where computing resources
are more abundant.

Platform Hardware configuration

GeForce GTX 1650 GPU
Local (=100W) 896 CUDA Cores, 5.7 TFLOPS (FP16)
Intel i9-9980HK @2.4GHz

Cloud (=450W) NVIDIA GeForce RTX 4090 GPU
16384 CUDA Cores, 82.6 TFLOPS (FP16)
Intel i9-13900K @2.8GHz

TABLE 7.1: Hardware setups for the Local and Cloud scenarios described in
Section 7.3.1. Source: Reprinted from [56], with permission, (€)2024 IEEE.
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ja?iagt"g Params(M) FLOPS(B) ir;gen&e(fﬁs) mAP
nano 3.2 8.7 19.2 1.2 0.65
small 11.2 28.6 294 19 0.69
medium 25.9 78.9 192.3 2.7 0.74
large 43.7 165.2 361.1 3.2 0.85
xlarge 68.3 257.8 521.4 3.9 0.89

TABLE 7.2: Comparison of YOLOvS8 variants in terms inference time, and mAP on the test
dataset presented in Section 7.3.4. Source: Reprinted from [56], with permission, (©)2024 IEEE.

However, using this paradigm, achieving high detection quality and low end-to-end
delay requires a well-designed architecture, high speed networks and high-performance
computing [174]. To gain deeper insight into this issue and devise effective solutions, we
use a real vehicle [155] equipped with sensors and other necessary software and hardware
components in our setup. The hardware configurations used in our experiments are de-
tailed in Table 7.1. The Local setup refers to the on-board device, for which we select
hardware with appropriately limited power consumption. In contrast, Cloud offers more
robust compute capabilities, at higher financial and electrical power costs.

To perform object detection, we use YOLOvVS [74], for its state-of-the-art performance
in terms of accuracy and speed [75]. YOLOvVS offers various models ranging from small
to extra-large. Table 7.2 presents a comparison of YOLOvS variants in terms of model
complexity, inference speed (Local and Cloud), and detection accuracy. The comparison
highlights significant differences in inference times between Local and Cloud processing.
While Local inference times range from 19.2 to 521.4 ms depending on the model variant,
cloud-based inference is consistently faster, ranging from 1.2 to 3.9 ms. These results
underscore the advantage of offloading computational tasks to a cloud where power con-
straints are lifted and resources are abundant, allowing the use of better models while
significantly reducing inference time. Since our study focuses on real-time detection, we
select the small variant as the lightweight detector running on-board in our Local sce-
nario. For the Cloud scenario where power constraints are relaxed, we use the much more
demanding zlarge variant.

7.3.7 Model Training

We trained the small and zlarge YOLOvVS variants, for the Local and Cloud respectively.
We split the dataset described in Section 7.3.4 into a training set 3500 frames, a validation
set of 750 frames, and a test set 750 frames. To avoid class imbalance, we include the
same proportion of each class into each dataset split. All models are trained for up to a
100 epochs with early stopping and using the Adam optimizer with an initial learning rate
of 0.001. Rather than learning from scratch, we leverage transfer learning by initializing
models with pre-trained weights obtained by training on the COCO dataset [88]. To
accelerate training, we set the batch size to the maximal value that fits in GPU memory.
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7.4 Results

In this section, we present the results of our experiments and provide a detailed discussion
of the findings. The experiments were conducted under typical day weather conditions
featuring partly cloudy skies, on a predefined route as detailed in Section 7.3.3. To ensure
the collection of statistically valid results, each experiment consisted of 10 repetitions.

7.4.1 ITS-G5 CPM Transmission (Local scenario only)

The CPM transmission latency is influenced by various factors, such as network condi-
tions, signal quality, and hardware capabilities, including processing time at the receiving
end. These factors require a detailed investigation to understand their collective impact on
the performance of CPM transmission. To ensure reliable transmission, we begin by mea-
suring RSSI while transmitting CPM over I'TS-G5. Our findings, as shown in Fig. 7.4a,
reveal a consistent pattern in which RSSI values exhibit an inverse correlation with dis-
tance. As expected, with increasing distance between the sender and receiver, the RSSI
decreases. However, in particular, beyond a distance of 150 m, we observed an increase in
path loss. This phenomenon suggests additional factors influencing the dynamics of sig-
nal propagation beyond a distance of 150 m. Environmental variables such as buildings,
terrain topology and signal interference may contribute to this observed increase in path
loss [136]. Despite this deviation, the results demonstrate reliable transmission range of
150 m, and a maximum range of up to 400 m. The network parameters with transmission
power and radio configuration details are summarized in Table 7.3.

In a second experiment, we measured end-to-end CPM transmission delay between
the mobile sender and static receiver. The results are shown in Fig. 7.4b. It shows that
the CPM transmission latency remains consistently low, with values ranging from 1.5 (£
1.0) ms to 6 ms (£2.5) ms, for a communication range of up to 400 m. These findings
align with previous studies on I'TS-Gb technologies, which have demonstrated low latency
and reliable transmission of CPMs in a simulated connected driving scenarios [77].

Parameter Name Value

Transmission Power (Tx) 23 dBm

Energy threshold -85 dBm

Channel bandwidth / carrier frequency 10 MHz / 5.9 GHz
Radio Configuration Single Channel (CCH)
Data rate 6 Mbit/s

Number of CPM Transmitted / loss ratio 4000 / 0.07

TABLE 7.3: ITS-G5 network parameters.
Source: Reprinted from [56], with permission, (€)2024 IEEE.
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FIGURE 7.4: Demonstration of (a) RSSI measurements and (b) latency measurements, plotted
against distance between receiver and transmitter during CPMs transmission using the ITS-G5.
Source: Reprinted from [56] with permission, (C)2024 IEEE.

7.4.2 Video Streaming Latency (Cloud scenario only)

To stream camera images for cloud detection, we consider two different streaming reso-
lutions: 1920x1080 (FHD) and 1280x720 (HD). Encoding always occurs in the on-board
hardware, while decoding is performed on the cloud. Depending on the compression qual-
ity, the latency for encoding and decoding ranges from 0.5 to 3 ms, which is relatively
low compared to inference and transmission times. The choice of compression value of
H.265, controlled by Constant Rate Factor (CRF) while keeping other parameters to de-
faults [139], results in streaming latencies ranging from 3 to 457.4 ms for FHD and 2.5 to
341.4 ms for HD, as illustrated in Fig. 7.5. The CRF values range from 0 to 51, where
0 corresponds to lossless compression and 51 represents the highest possible compression
with the greatest loss of data. To further investigate the end-to-end delay of the cloud
scenario, we define distinct settings: FHD-H (High quality) at CRF 0, FHD-M (Medium
quality) at CRF 24, FHD-L (Low quality) at CRF 30, and FHD-VL (Very Low quality)
at CRF 51. Similarly, we assign the same CRF values for HD, defining the following
settings: HD-H, HD-M, HD-L and HD-VL.



7.4. Results 97

High (H) —— FullHD
HD
4001
2]
£
> 45
S 3001
5 0
g [}
€ 200- 151
o 57
S 100 24 30 40 50
= Medium (M)
o i 3 Low (L) Very-low (VL)
0O 6 12 18 24 30 36 42 50

Constant Rate Factor (CRF)

FI1GURE 7.5: For cloud processing, we measured the mean latency for HD and FHD input reso-

lutions at various H.265 compression qualities: High (H), Medium (M), Low (L) and Very Low

(VL). The results focus solely on vehicle-to-cloud transmission using UDP, excluding encoding
and decoding latencies. Source: Reprinted from [56] with permission, (C)2024 IEEE.

7.4.3 End-to-End Delay

In this section, we examine the end-to-end delay of both the Local and the Cloud scenario.
A breakdown of the different components of end-to-end delays for the different experiments
is displayed in Fig. 7.6.

In the case of the Local scenario, the end-to-end delay primarily depends on the on-
board inference time of 29.4 ms (see Table 7.2) and the V2X latency incurred by CPM
transmission over I'TS-G5 (see Fig. 7.4b). With an average CPM transmission latency of 7
ms for distances up to 150 meters, the total local end-to-end delay is 36.4 ms. These delays
illustrate the low-latency capabilities of ITS-G5 for localized cooperative perception.

In the Cloud processing scenario, the end-to-end delay is dependent on a series of inter-
connected factors. These include compressing images using H.265, latency incurred during
vehicle-to-cloud (V2C) communication over C-V2X in cellular mode, decoding executed
within the cloud infrastructure, inference time for object detection, and transmission of
detection results back to one or more vehicles (C2V) in the vicinity.

Conversely, in the Cloud processing scenario, considering FHD-M, the delay can in-
crease to 40.8 ms, while considering HD-M, the delay decreases to 30.4 ms. For FHD-VL
and HD-VL streaming, the delay decreases to 20.8 and 15.26 ms, respectively. In terms
of end-to-end delay, all compression factors are viable for real-time operation, except for
high compression qualities (FHD-H and HD-H). In the cases of FHD-H and HD-H, not
displayed on Fig. 7.6 for scaling reasons, delay respectively reaches 457.4 and 341.4 ms.
Note that inference time remains constant at 3.9 ms for all Cloud experiments since the
same detection model is used.
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communication latency. Source: Reprinted from [56] with permission, (€)2024 IEEE.

7.4.4 Detection Quality vs. End-to-End Delay Trade-off

To gain a comprehensive understanding of the proposed distributed and cooperative per-
ception strategies, it is essential to carefully consider the trade-off between detection
quality and end-to-end delay. This trade-off plays a crucial role in designing systems that
effectively balance real-time responsiveness and reliable object detection. By exploring
the trade-off, our objective is to identify the optimal balance between quality and end-
to-end delay. Fig. 7.7 synthesizes our results by presenting different trade-offs between
end-to-end delay and mean average precision (mAP), for Local and Cloud processing with
different input resolutions and compression qualities.
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FI1GURE 7.7: Comparison of mAP against End-to-end Delay for local and cloud-based process-
ing, for two distinct input resolutions (HD and FHD), and four compression qualities ranging
from High (H) to Very Low (VL). Source: Reprinted from [56] with permission, (€)2024 IEEE.
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(A) FHD-H; Detected: 4 traffic light, 2 (B) FHD-M; Detected: 4 traffic light, 2
vehicles, 7 pedestrian vehicles, 7 pedestrian

)

pre®ip rédiélrio?\ 0766

(c¢) FHD-L; Detected: 2 traffic light, 2 ve- (D) FHD-VL; Detected: 1 traffic light, 0
hicles, 6 pedestrian vehicles, 0 pedestrian

F1GURE 7.8: Cloud-based detection at various compression qualities. Detections are considered
valid when they have 50% IoU with the ground truth. Ground truth: 4 traffic lights, 2 vehicles
and 7 pedestrians. Source: Reprinted from [56] with permission, (€)2024 IEEE.

In Cloud processing scenarios, a higher mAP score of 0.89 is achieved in FHD-H with
an end-to-end delay of 450.4 ms. For high-quality compression scenarios (FHD-H and
HD-H), the use of CRF 0 entails lossless compression and results in larger amount of
data streamed to the cloud. This inevitably increases end-to-end delay in both the FHD-
H (450.4ms) and HD-H (334.5ms) cases. With optimal choices of compression qualities,
end-to-end delays can be lowered below 50 ms without disproportionately sacrificing mAP.

Specifically, the FHD-M and HD-M scenarios maintain a high accuracy compared to
their high compression quality counterparts (0.89 mAP from FHD-H to FHD-M, 0.88
mAP from HD-H to HD-M), while drastically reducing end-to-end delay (33.8 ms from
FHD-H to FHD-M, 23.4 ms from HD-H to HD-M). A further reduction in data size is
achievable by streaming Very Low quality images (HD-VL and FHD-VL). However, this
comes at the cost of significantly degraded mAP, even falling below the performance of the
lightweight Local model. Since the HD-L model offers a comparable end-to-end delay with
noticeably higher mAP, the use of Very Low compression provides no tangible benefit.
These findings demonstrate that combining H.265 compression with UDP streaming of
FHD data is an effective strategy for cloud-based processing. This approach reduces
the computational load on onboard hardware. It also improves detection accuracy while
keeping end-to-end delay low. Such a solution provides a practical complement to local
processing for perception tasks.

The visual impact of lowering compression quality and its effect on detection results
are illustrated on Fig. 7.8. In particular, in FHD-M settings, Cloud detection rates closely
resemble those of object detection, in contrast to FHD-H settings. However, a decrease
in detection instances begins with the FHD-L scenario. In FHD-VL, only a traffic light
is detected, leaving other objects undetected, thereby compromising overall detection
quality due to the low-quality stream.
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7.5 Conclusion and Future Work

In this study, we analyze real-time object detection strategies, which include both Local
and Cloud-based methodologies, and employ field trials for validation. We demonstrate
the feasibility of ITS-G5 for robust transmission of CPM in local environments. Fur-
thermore, we explore the potential of C-V2X communication to utilize cloud hardware,
facilitating real-time object detection. Our findings indicate significantly improved detec-
tion quality compared to processing solely on-board hardware. To gain a comprehensive
understanding of the proposed cooperative perception strategies, we investigate the trade-
off between detection quality and end-to-end delay. In addition, we also create and release
a real-world driving dataset annotating instances of pedestrian, vehicle, and traffic light
classes providing a valuable resource for researchers. Future research will explore adaptive
techniques and hybrid optimization strategies, including dynamically switching between
local and cloud processing based on bandwidth availability and situational complexity,
such as high-accuracy demands in areas like intersections.
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Chapter 8

Hybrid Computing for 360-Degree
3D Perception

This chapter provides an in-depth exploration of perception techniques for CAV, focusing
on achieving comprehensive 360-degree 3D perception. Unlike Chapter 6, which examined
the offloading of data from a single front-facing camera to the cloud for 2D perception,
this chapter utilizes a multi-camera setup. Using an existing dataset with six strategically
positioned cameras around the vehicle, we captured a full 360-degree view in 3D space.

To optimize cloud offloading, we introduce techniques such as dynamic feature clip-
ping, compression, and precision adjustments, collectively reducing offload latency while
preserving detection accuracy. These optimizations contribute to a robust cloud-assisted
perception framework that adapts to varying network conditions.

We evaluated the system in real world scenarios with integration V2X, assessing per-
formance across key metrics such as end-to-end delay and detection reliability. The results
indicate that our approach achieves low latency, making it viable for time-sensitive per-
ception tasks in real-world driving.

This chapter builds upon the following publication:

Faisal Hawlader, Francgois Robinet, Elghazaly Gamal, and Raphaél Frank.
“Cloud-Assisted 360-Degree 3D Perception for Autonomous Vehicles Using
V2X Communication and Hybrid Computing”. In: 20th Wireless On-demand
Network systems and Services Conference (WONS). IEEE. 2025

The remainder of this chapter is structured as follows: Section 8.2 provides a review of
relevant literature. Section 8.3 outlines our proposed approach, detailing the onboard
and cloud components, as well as the test route and communication technologies utilized.
Section 8.4 presents our experimental results, emphasizing the trade-offs between latency
and accuracy. Finally, Section 8.5 concludes with a summary of our findings and potential
directions for future research.
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8.1 Introduction

Industry leaders, such as Tesla [102], BMW, and Mercedes-Benz, face considerable chal-
lenges in processing extensive sensor data (e.g., cameras, radar, and LiDAR) required for
accurate 3D object detection [165, 160]. Recent research has aimed to meet the strict
latency and accuracy requirements associated with autonomous perception tasks [57].
Models like BEVFormer [86] have shown high detection accuracy [164], yet their com-
putational demands frequently exceed the capabilities of onboard hardware [69], leading
to increased latency and energy consumption [51]. For example, an industrial report by
Ford Motor indicates that future vehicles may need to allocate up to 47% of their energy
for onboard computing [43], highlighting the need for more efficient processing strategies.

To address the limitations of onboard computing, researchers have proposed partition-
ing perception models [108] and offloading intensive layers to the cloud [22, 21]. While
this approach alleviates onboard processing demands, it introduces feature transmission
latency [145], which poses a challenge for real-time detection with stringent latency re-
quirements [108]. To address the efficient transmission of large feature vectors, techniques
such as post-training quantization [97] and clipping [89] can be applied to reduce band-
width and transmission latency, enabling real-time processing in hybrid environments [89].
Further compression can decrease feature vector size [59], enhancing overall efficiency.
However, quantization, clipping, and compression may reduce detection quality due to
data loss [89], making it essential to balance end-to-end delay with detection quality.

In this chapter, we propose a BEVFormer-based hybrid computing strategy that in-
tegrates cooperative perception for 360-degree 3D detection. By exchanging CPM con-
taining object detection data, this method extends perception beyond onboard sensors
[146]. Our approach involves lightweight feature extraction on the vehicle, with intensive
computations offloaded to the cloud, thereby combining local and cloud processing to
enhance real-time performance. Our experimental results show a reduction in end-to-end
delay by over 79.2% compared to onboard-only computing, underscoring the effectiveness
of distributing perception tasks between the vehicle and the cloud.

In this chapter, we make the following key contributions:

— Contributions] N

e 360-degree 3D Perception: We benchmark onboard computing, where
tasks are processed locally, and hybrid computing, where tasks offloaded
to the cloud. Detection results are encoded into CPM in both cases.

e Hybrid Computing: We introduce dynamic feature clipping, compres-
sion, and precision adjustments to reduce offloading latency while preserv-
ing detection quality.

e Real-world Testing: The system is tested in real-world scenarios with
V2X integration, achieving low end-to-end delay, making it suitable for
real-time perception.
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8.2 Related Work

Cooperative perception [61] has gained significant attention as a method to enhance the
situational awareness of autonomous vehicles [137]. By enabling vehicles to share sensor
data and computational resources [46], these systems can significantly improve object
detection [160] and prediction in complex environments [36]. Several recent studies have
explored vehicle-to-cloud (V2C) communication to offload perception tasks to remote
servers [59, 57, 165]. This approach leverages the higher computational power of the
cloud to complement onboard processing [156, 43]|. Early works in the field, such as [103,
58], focused on transmitting raw data to the cloud. However, these approaches suffered
from bandwidth limitations and high transmission latency [45], making them unsuitable
for real-time applications [124]. To address these challenges, [145, 89] introduced feature-
level offloading [83], where intermediate feature vectors are transmitted instead of raw
data [104], significantly reducing bandwidth usage [126]. However, the size of these feature
vectors can still be prohibitively large [20, 108], especially when generated by deep neural
networks like ResNet101 [62] or BEVFormer [86].

Recent studies, such as [108], have proposed various methods for compressing feature
vectors [22], including quantization and lossy compression [22, 93]. Although these meth-
ods reduce transmission data size, they often result in a degradation of detection accuracy
[51]. Our work builds on these efforts by introducing a dynamic clipping mechanism [89]
that minimizes unnecessary feature data while retaining key information for accurate
3D object detection [159]. We also evaluate the effectiveness of lossless compression in
combination with different floating-point precisions to achieve a balance between latency,
bandwidth, and accuracy.

Additionally, while previous work has focused primarily on static environments or
simulations, our system is tested in real-world driving scenarios, utilizing V2X commu-
nication. This enables us to account for network jitter and variability, providing a more
robust evaluation of real-time capabilities and performance of the CPS.

8.3 Methodology

In this section, we outline the methodology for evaluating the proposed lightweight 360-
degree 3D perception system. Multi-view (6x) camera images are processed using BEV-
Former [86], a 3D object detection framework for autonomous driving. The model outputs
3D bounding boxes with object positions, orientations, and sizes in a BEV space, making
it well suited for perception. Results are then encoded into CPM and broadcast to nearby
vehicles or infrastructure via V2X, standardized by ETSI [146].
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FIGURE 8.1: Experimental scenarios: In the Onboard Computing scenario, the BEV-
Former model runs locally, transmitting detection results as CPMs over ITS-G5. In
the Hybrid Computing scenario, a compressed feature vector is sent via C-V2X to the
cloud for intensive BEVFormer processing, with detection results broadcast to nearby
vehicles. Source: Reprinted from [60] with permission, (€)2025 IEEE.

8.3.1 Test Scenario & Route

The tests were carried out on public roads in the Kirchberg area of Luxembourg, which
offers various road layouts and traffic conditions. This environment allowed us to evaluate
perception scenarios in highly realistic settings. Communications between vehicles and
infrastructure are handled by the YoGoKo Y-Box module, which supports the I'TS-G5
and C-V2X technologies. For more information on the test vehicle, sensors, hardware,
and software stack, refer to [142]. For this work, we setup two distinct scenarios, as shown
in Figure 8.1:

In the Onboard computing scenario, multi-view images are fed into the BEV-
Former model, with all perception tasks performed locally. The detection results are
then encoded into CPM and transmitted to nearby vehicle or infrastructure via I'TS-Gb5.
The experimental route spanned a distance of approximately 1.5 km'. Within this setup,
we evaluated the transmission of CPM to assess the reliability and performance of V2X
communication in real world traffic. To ensure consistent measurements, we placed a
stationary receiver at specific coordinates. This provided a fixed reference point for eval-
uating V2X communication quality as the transmitting vehicle moved along the designed
test route.

Local test route: http://g-0.lu/3/GsHC
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Platform Hardware Configuration

NVIDIA Jetson Orin
Local (=30W) 2048 CUDA Cores, 131.4 TOPS (INTR)
8-core ARM Cortex-A7T8AE

2x Intel Xeon Skylake CPUs (56 cores total)
4x NVIDIA Tesla V100 GPUs (16 GB each)
20480 CUDA Cores, 500 TFLOPS (FP16)

Cloud (~3000W)

TABLE 8.1: Hardware setups for the onboard and cloud computing platforms described
in Section 8.3.1. Source: Reprinted from [60], with permission, (€)2025 IEEE.

In the Hybrid computing scenario, BEVFormer is split into two parts: Part-1
handles initial feature extraction with lightweight computations onboard, while Part-2
completes perception tasks in the cloud. Multi-view images are processed by BEVFormer
Part-1 to extract feature vectors, which are then clipped, compressed, and sent to the
cloud via C-V2X. In the cloud, BEVFormer Part-2 completes the remaining perception
tasks, including 3D object detection. The detection results are encoded into CPM and
broadcast to nearby vehicles via C-V2X, enabling cooperative perception. The test route
spans approximately 4km?. We use the cellular mode of C-V2X to communicate with a
cloud server located at the University of Luxembourg in the same area. Twelve commercial
base stations, including 4G and 5G (non-standalone) sites, operate along the route on Low-
(700 MHz) and Mid-band (3.6 GHz) frequencies. The area provides an average download
throughput of 57 Mbit /s for 4G and 115 Mbit /s for 5G, with upload speeds ranging from
25 to 35 Mbit/s for both. We use UDP for data offloading to the cloud, as it offers the
lowest end-to-end delay for offloading sensor data [57].

8.3.2 Hardware Configuration & Detection Model

The hardware configurations used in this study are outlined in Table 8.1. The onboard
setup utilizes a Jetson Orin, selected for its low power consumption and processing capa-
bilities in embedded perception tasks. The cloud platform employs multiple Tesla V100
GPU nodes, designed to handle computationally intensive tasks. For more details on
GPU node configurations, we refer the reader to [156].

We use the BEVFormer with ResNet101 backbone [62], initialized from the FCOS3D
checkpoint [164]. BEVFormer performs multi-view 3D object detection in several stages.
It begins with a ResNet101 backbone that extracts features from multi-view camera in-
puts. These features are transformed into a BEV representation using a view transformer
that fuses spatial information from different perspectives. The BEV representation is
refined by a BEV encoder, which applies self-attention to improve the detection accu-
racy. Finally, the detection head outputs 3D bounding boxes, predicting object positions,
orientations, and sizes.

2Cloud test route: http://g-0.lu/3/96TS
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For more details on the BEVFormer, we refer the reader to [86]. In our hybrid setup, we
split BEVFormer after the initial backbone layers, performing feature extraction onboard.
The remaining backbone layers, view transformation, BEV encoding, and 3D detection
are offloaded to the cloud for efficient processing.

8.3.3 Dataset and Evaluation

For this study, we use the nuScenes dataset [15], a large-scale dataset specifically created
for autonomous driving research. The dataset consists of images resolution of 1600x900
from six cameras, five radars, and one LiDAR, providing full 360-degree coverage, per-
fectly aligning with our objective of achieving comprehensive 3D detection. The dataset
also includes detailed annotations for 3D object detection, tracking, and segmentation
across various classes such as vehicles, pedestrians, and cyclists. In this work, we use a
BEVFormer model pre-trained on the NuScenes dataset without performing any addi-
tional training. We use the nuScenes dataset solely to evaluate the performance of the
model after post-quantization, clipping, and compression. The evaluation aims to assess
potential detection accuracy loss resulting from different quantization levels, as well as
the effects of clipping and compression. To evaluate performance across all classes, we
use the NuScenes Detection Score (NDS), which offers a comprehensive assessment
of detection tasks. The NDS is calculated using the following formula [86]:

NDS = & <5mAP + ) (- min(l,mTP))) (8.1)

1
0 mTPeTP

This score integrates various aspects of model performance, including mean average pre-
cision (mAP) and mean true positive (mTP), providing a robust evaluation.

8.3.4 Lightweight Features Offloading: Hybrid Computing

In hybrid computing, multi-view images captured around the vehicle are first processed
by the initial backbone layers onboard to extract features. These features are then dy-
namically clipped and compressed to reduce their size and optimize bandwidth before
transmission to the cloud. In the cloud, the remaining backbone processing, view trans-
formation, BEV encoding, and 3D object detection are completed. This division reduces
the computational load on the vehicle, while resource intensive tasks are handled in the
cloud. The complete processing workflow is detailed in Algorithm 2.

Feature Vector Extraction: The backbone network B on the vehicle processes the
input images X and extracts feature vectors F(z) € RE*H*W at the split layer Lgpy,
where C' is the number of channels, and H and W represent the spatial dimensions. The
selection of Lgp,i, balances onboard processing and reduces data offloaded to the cloud.
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Algorithm 2 Lightweight Features Offloading: Hybrid. Source: Reprinted from
[60], with permission, (€)2025 IEEE.

Given:
X: Input image, B: Backbone network, Lgy;: Split layer,
Dlowers Pupper: Clipping percentiles, At: frequency
1: Onboard Hardware:
2: Initialize input X, backbone network B, and layers L
3: while vehicle is driving do
4 for each layer L in B do
5 if L = Lgp then
6: Compute clipping thresholds piower, Dupper:
7.
8
9

L, + Percentile(F(z), Piower)
U, < Percentile(F (), pupper)

Faip(z) < max (Lp7 min(F(:):), Up)>

10: Feomp(x) <= Compress(Feip(2))
11: Transmit Fomp(2) to the Cloud
12: Wait At

13: On Cloud:

14: while receiving data from vehicle do

15: Freev(x) <= Decompress(Fomp())

16: DetResults <~ BEVFormer.head(Freey (7))

17: CPM <« Encode(DetResults)

18: Broadcast CPM

19: Return: CPM containing 3D object detection results

Feature Vector Clipping & Compression: The extracted features F'(z) at the
split layer L undergo a clipping process with lower bound L, and upper bound U,.

Fuip(z) = max (L,, min (F(z),U,))

The system dynamically chooses the bounds (L,, U,) in order to clip activations to their
Dlower a0d Pypper percentiles. Based on our experimental analysis, we set piower and pupper t0
10th and 90th percentiles [71], respectively, to balance bandwidth reduction and detection
accuracy. By clipping values outside this range, the system removes outliers that do not
contribute significantly to detection. This clipping function lowers the entropy of the
activation distribution, making compression more efficient. The clipped features Fi,(2)
are compressed using a lossless zlib compression [58], further minimizing the data size for
efficient transmission to the cloud.

Offloading to Cloud: After clipping and compression, the features are offloaded
to the cloud via C-V2X while the vehicle follows the test route. Compressed Feomp(2)
are transmitted at regular intervals, defined by the offload frequency At, which adjusts
according to network conditions to minimize latency [85]. The system monitors latency
between transmission and cloud acknowledgment. If latency increases, indicating network
congestion or slower speeds, the frequency is adjusted to prevent delays [72]. In the
cloud, activations are decompressed and processed using a multi-GPU setup (Section
8.3.1), accelerating detection compared to on-board hardware. The results are encoded
into CPM and transmitted to nearby vehicles and infrastructure, enhancing situational
awareness through cooperative perception.
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End-to-end

Quantization Inference (ms) NDS CPM (ms) delay (ms)
FP32 486 0.52 5.9 (£1.8) 491.9 (£2.7)
FP16 257 0.52 5.7 (£1.7)  262.7 (£2.3)
FP8 194 051 4.9 (£1.6) 1989 (£2.3)

TABLE 8.2: Performance metrics for the BEVFormer model with ResNet101 backbone, eval-
uated using TensorRT optimization at different quantization levels (FP32, FP16, FP8) on the
onboard vehicle platform, as detailed in Section 8.3.2. The table includes inference time and
CPM transmission latency, which together form the end-to-end delay. Standard deviations (%)
are provided to reflect variability. Source: Reprinted from [60], with permission, (€)2025 IEEE.

8.3.5 CPM Encoding

The CPM encoding process packages detected objects and environmental data into a
standardized format defined by ETSI [146], ensuring interoperability in CPS. As illus-
trated in Fig. 7.3, the message structure includes several containers such as the ITS-PDU
header, management, and sensor information containers, which store the reference posi-
tion, sensor ID, and metadata. The encoding process is managed by the YoGoKo Y-Box
module [142], which supports both ITS-G5 and C-V2X technologies, enabling seamless
V2X communication.

8.4 Results

In this section, we evaluate the performance of our proposed perception system designed
for autonomous driving. The system generates and transmits CPM while integrating 3D
object detection to enhance environmental awareness. By offoading sensor data process-
ing to the cloud and enabling communication with nearby vehicles, the system supports
cooperative perception, allowing more accurate and timely decision making in complex
driving scenarios. Repeating each experiment five times for statistical robustness, we
evaluated its effectiveness using the scenarios detailed in Section 8.3.1.

8.4.1 Omnboard computing and CPM transmission

To establish a baseline, we performed inference tests on the onboard platform, as detailed
in Section 8.3.2, using the NuScenes dataset described in 8.3.3. These tests yielded an
average inference time of 673 ms for the default model prior to optimization. This far
exceeds the typical latency threshold for real-time perception in autonomous driving (e.g.,
less than 100 ms) [57]. Although the model achieved an NDS of 0.52, onboard processing
consumed over 65% (£4) of the hardware resources, as monitored through the nvidia-smi
GPU tracking. These results highlight the limitations of onboard computing, particularly
regarding resource usage and time constraints.
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FIGURE 8.2: CPM transmission latency versus distance between a moving vehicle (25 km/h
Avg.) and a stationary receiver at fixed coordinates (longitude: 6.161993, latitude: 49.626478).
Source: Reprinted from [60] with permission, (C)2025 IEEE.

Model optimization using TensorRT: To address resource usage and time con-
straints, we employ TensorRT for model optimization [23]. TensorRT enhances perfor-
mance by applying precision calibration (FP32, FP16, or FP8) and optimizing the com-
putational complexity of the model. The experimental results in Table 8.2 show how
TensorRT optimization significantly reduces inference times without major degradation
in detection. By reducing the precision from FP32 to FP16 and FPS8, we observe sub-
stantial improvements in inference.

For instance, inference time drops from 486 ms (FP32) to 194 ms (FP8), with only a
marginal decrease in NDS, from 0.52 to 0.51, indicating that the performance in terms of
detection is largely preserved even with reduced precision. These results align with pre-
vious studies, which demonstrated that quantization effectively maintains high detection
accuracy while significantly reducing inference time [109, 36].

CPM Transmission & V2X Communication: Upon detecting surrounding ob-
jects, the 3D detection results are encoded into a CPM and broadcast to nearby vehicles
via V2X direct communication. The objective of this CPM transmission test was to mea-
sure the end-to-end latency in a cooperative perception scenario. Key parameters for this
evaluation are summarized in Table 8.3.

A static receiver node was placed at fixed coordinates, as described in the caption of
Figure 8.2. The transmitting node, located in the vehicle, as detailed in Section 8.3.1. The
results of these tests, shown in Figure 8.2, illustrate how CPM transmission latency varies
with the distance between the two communicating nodes. The results indicate a slight
linear increase in transmission latency as the distance grows, likely due to propagation
delays and intermittent network congestion. The average transmission latency was 4.10

Parameter Name Value

Transmission Power (Tx) 23 dBm

Energy threshold -85 dBm

Channel bandwidth / carrier frequency 10 MHz / 5.9 GHz
Radio Configuration Single Channel (CCH)
Data rate 7 Mbit/s

Number of CPM Transmitted / loss ratio 6000 / 0.09

TABLE 8.3: Important network parameters for V2X.
Source: Reprinted from [60], with permission, (€)2025 IEEE.
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FIGURE 8.3: Feature vector size and extraction time vs. split depth. Solid lines show feature

extraction time, while dashed lines indicate size. Lower quantization (FP16, FP8) reduce both
extraction time and feature size. Source: Reprinted from [60] with permission, (©)2025 IEEE.

ms, with a maximum of 18.41 ms and a standard deviation of 1.61 ms. Notably, packet
loss increased significantly when the distance exceeded 300 m, highlighting sensitivity
to longer distances. These observations are consistent with previous simulation-based
research [147].

Although TensorRT optimizations and model quantization have significantly reduced
end-to-end delay, as shown in Table 8.2, the system still falls short of the 100 ms target
required for real-time perception. For example, quantization to FP8 results in an end-to-
end delay of 198.9ms, which is almost double the desired threshold. Consequently, the
end-to-end delay (onboard inference plus transmission) restricts CPM transmission rates
to below 5Hz, highlighting the need for more efficient data processing to achieve real-time
perception.

8.4.2 Cloud Computing and Lightweight Features Sharing

Offloading intensive perception tasks to the cloud, while keeping lighter tasks onboard,
reduces local computation but adds transmission latency. Techniques like post-training
quantization, compression, and clipping help minimize bandwidth usage and transmission
time. This section explores the feasibility of lightweight feature sharing over networks,
focusing on split layer selection, accuracy retention, and end-to-end delay.

Layer Partitioning and Feature Extraction: Determining the optimal partition
layer in cloud processing is crucial, as it affects both the onboard feature extraction time
and the size of transmitted features. In BEVFormer, partitioning earlier backbone layers
(e.g., layer 1) minimizes onboard computation but requires transmitting larger feature
vectors to the cloud. Conversely, deeper partitioning reduces feature vector size but
increases onboard inference time. Figure 8.3 illustrates the trade-off between inference
latency and feature vector size between split points and quantization levels.
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FIGURE 8.4: Transmission latency of feature vectors from vehicle to cloud across five split layers
for FP32, FP16, and FP8 over a 5G network using C-V2X. FP8 demonstrates the lowest and
most stable latency. FP32 exhibits the highest latency and variability, especially at earlier split
layers due to larger feature size. Source: Reprinted from [60] with permission, (€)2025 IEEE.

e Feature extraction time: As more backbone layers are executed locally, feature
extraction time increases, significantly impacting the real time feasibility. A split
at Layer 5 in FP32 yields a latency of 55 ms, acceptable for real-time use, but
deeper splits quickly exceed the 100 ms threshold (e.g., 115 ms at Layer 10). Lower
precisions like FP16 (20 ms at Layer 5) and FP8 (9 ms at Layer 5) reduce latency,
but the benefits diminish with deeper layers, where even FP8 exceeds 140 ms by
Layer 30. This highlights the need for optimal split points and further optimizations
to meet real-time constraints.

e Feature Vector Size: Shallow splits generate large feature vectors, making real-
time transmission challenging. For example, FP32 at Layer 1 produces 52 Mbit,
requiring a throughput of 520 Mbit/s at 10 Hz, far exceeding typical V2X band-
width. Even FP16 (43 Mbit, 430 Mbit/s) and FP8 (31 Mbit, 310 Mbit/s) remain
too large. Deeper splits, however, reduce vector sizes: FP32 at Layer 25 requires
5 Mbit (50 Mbit/s), and FP8 only 3 Mbit (30 Mbit/s), which are more suitable
for real-time transmission. Nevertheless, deeper splits increase onboard processing
time, requiring a trade-off between transmission latency and feature size.

To reduce activation sizes beyond what quantization can offer, we also rely on dynamic
clipping and compression.

Feature Transmission and Compression: Dynamic clipping and zlib compression
were applied to reduce feature vector sizes and transmission latency across quantization
levels. These techniques reduced feature sizes by approximately 97% for FP32, 90% for
FP16, and 80% for FP8, significantly improving transmission efficiency across all layers.
The larger reductions for FP32 are expected, as higher precision data contains more
entropy, making it more compressible compared to FP16 and FP8. We focus on layers
1 to 5 because deeper splits yielded minimal improvements in transmission latency while
increasing feature extraction time. As shown in Figure 8.4, FP8 exhibited the lowest
latency, with medians of 52 ms at Layer 1 and 35 ms at Layer 5, meeting the threshold
required for real-time perception systems.

FP16 provided a balanced latency, with medians of 67 ms at Layer 1 and 45 ms at Layer
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Split | Onboard Processing Time Transmission latency Cloud Processing Time End-to-end Bandwidth

QL Layer | Backbone Compression va2C Cc2v Decompression Head Delay (ms) NDS Usage (Mbit/s)
1 17.2 (£2.10)  10.7 (£1.85) | 65.8 (£4.00) 11.6 (£1.15) 2.6 (+0.60) 20.8 (£1.35) | 128.7 (£4.20) 0.52 10.5
2 22.3 (il 75) 8.6 (£1.55) 58.0 (£3.90) 9.8 (+0.95) 2.4 (+0.55) 184 (il 25) | 119.6 (£3.90)  0.50 8.4
32 3 30.5 (£1.90) 7.3 (£1.50) 48.9 (£3.75) 8.4 (£0.85) 2.5 (+0.50) 15.9 (£1.30) | 113.5 (+£3.80) 0.48 6.8
4 39.8 (£1.65) 6.4 (£1.30) 54.5 (£3.50) 7.0 (£0.75) 2.3 (+0.45) 14.7 (£1.10) | 124.7 (£3.60)  0.47 5.9
5 55.4 (£1.45) 5.1 (£1.10) 56.3 (£3.20) 5.8 (+0.70) 2.5 (+0.40) 12.6 (£0.95) | 137.7 (£3.40)  0.46 5.4
1 9.3 (j:l 70) 9.1 (£1.50) 57.6 (£3.10) 12.7 (+0.95) 2.1 (£0.50) 18.2 (£1.30) | 109.0 (£3.90) 0.51 9.0
2 11.7 (£1.50) 7.3 (£1.30) 39.3 (£2.95) 7.6 (£0.85) 2.2 (+0.45) 16.6 (£1.20) | 84.7 (£3.70)  0.49 6.6
16 3 15.3 (il 35) 6.2 (£1.20) 44.1 (£2.80) 6.6 (£0.80) 2.1 (+0.40) 14.3 (£1.05) | 88.7 (£3. 50) 0.47 5.6
4 18.5 (£1.25) 5.2 (£1.05) 42.3 (£2.65) 8.6 (£0.75) 2.0 (+0.35) 13.4 (£0.95) | 90.0 (£3.25)  0.46 4.6
5 20.4 (£1.10) 4.3 (£0.95) 31.2 (£2.50) 7.1 (£0.70) 2.0 (+0.30) 12.2 (+0.85) | 77.2 (£3.05)  0.45 4.3
1 1 (£1.45) 8.2 (£1.45) 33.6 (£2.80) 9.8 (£0.90) 1.6 (£0.50) 15.5 (£1.25) | 73.8 (£3.90) 0.47 8.4
2 2 (£1.25) 6.7 (£1.30) 40.4 (£2.60) 8.1 (£0.85) 1.6 (£0.45) 14.1 (£1.15) | 77.1 (£3.60)  0.46 6.9
8 3 7.3 (£1.10) 5.7 (£1.10) 44.3 (£2.40) 6.3 (£0.80) 1.5 (£0.40) 12.6 (£1.00) | 77.7 (£3.50)  0.44 5.5
4 4 (£1.05) 4.7 (£1.00) 33.4 (£2.20) 5.6 (£0.75) 1,5 (£0.35) 11.9 (£0.90) | 65.5 (£3.25) 0.43 4.7
5 1 (£0.90) 3.6 (+0.90) 29.3 (£2.00) 7.0 (£0.70) 4 (£0.30) 11.0 (£0.85) | 61.9 (+£3.00)  0.43 4.1

TABLE 8.4: Performance metric for various split layers and quantization levels, including on-

board processing time, V2C and C2V transmission latency, cloud processing time, and total

end-to-end delay. The last column shows bandwidth utilization for offloading feature vectors
from vehicle to cloud. Source: Reprinted from [60], with permission, (©)2025 IEEE.

5, making it suitable for applications that can tolerate moderate delays. In contrast, FP32
exhibited the highest latency, reaching 90 ms at Layer 1 and 70 ms at Layer 5, and was
more sensitive to network jitter, as indicated by larger outliers. Despite providing higher
precision, the elevated latency of FP32 renders it impractical for time-sensitive decisions
without further optimization. FP8, with its minimal jitter and consistently low latency,
emerges as the most viable option for cloud-based 3D object detection. As network
demands increase with the adoption of 5G and beyond, the scalability of this approach,
particularly with FPS8, position it well for future real-time perception systems. While
trade-offs between quantization levels exist, FP8 is ideal for latency critical environments,
whereas FP16 and FP32 are more suitable for scenarios that prioritize higher data quality.

End-to-end Delay: The results in Table 8.4 summarize the end-to-end delay and
the impact of split layers and quantization levels. For FP32 quantization at split Layer
1, the total end-to-end delay is 128.7 ms, with local processing time (backbone and com-
pression) contributing 27.9 ms, and transmission latency (V2C and C2V) adding 77.4 ms.
In contrast, FP8 at the same split layer shows a significantly reduced total delay of 73.8
ms, mainly due to the lower local processing time of 13.3 ms and a reduced transmission
latency of 43.4 ms. Lower quantization levels, such as FP8, reduce both computational
burden and transmission latency, though they introduce a slight trade-off in accuracy,
with the NDS for FP8 at split Layer 1 being 0.50 compared to 0.52 for FP32. As the split
Layer deepens (e.g., Layer 5), onboard processing time increases due to the more complex
feature extraction. For FP32, the total delay at split Layer 5 increases to 137.7 ms, with
60.5 ms for local processing time and 62.1 ms for transmission latency. In comparison,
FP8 achieves a lower end-to-end delay of 61.9 ms at the same split Layer, primarily due
to its reduced local processing time of 12.7 ms and transmission latency of 36.3 ms. This
reduction in delay for FP8 comes with only a slight decrease in accuracy, as the NDS
drops marginally to 0.45. Cloud processing times (decompression and head) remain low
across all quantization levels due to the powerful cloud hardware, with decompression
times ranging from 1.4 to 2.6 ms, depending on the quantization level. This consistent
cloud performance ensures that most of the delay comes from local processing time and
transmission latency, highlighting the importance of selecting the optimal split point and
quantization level for real-time systems. Transmission latencies exhibit greater variability
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FIGURE 8.5: End-to-end delay vs. detection accuracy (NDS) across split layers and quantization
levels. Earlier layers result in higher accuracy but increased delay, while intermediate layers
provide a balance results. Source: Reprinted from [60] with permission, (€)2025 IEEE.

compared to local or cloud latencies, with the largest deviations observed at split layer
1 for FP32 (£4.00 ms for V2C) and FP8 (£2.80 ms for V2C), reflecting the impact of
fluctuating network conditions on the transmission process. Although lower quantization
levels like FP8 reduce total delay, they introduce a slight degradation in accuracy. Opti-
mizing split layer, quantization, compression, and clipping based on real-time constraints
and network bandwidth enhances performance and reliability in cloud-based cooperative
perception.

End-to-end Delay vs. Accuracy Trade-off: Figure 8.5 illustrates the trade-off
between end-to-end delay and NDS across different split layers and quantization levels.
This suggests that while FP32 maintains accuracy, it is highly sensitive to the increased
computational load of deeper layers, making it less practical for real-time systems with
strict latency constraints. Conversely, FP16 and FP8 provide more favorable trade-offs.
FP16 at Layer 5 reduces latency to 77.2 ms, with a modest NDS of 0.45. FPS8 offers the
lowest delay, achieving 61.9 ms at Layer 5 while maintaining an acceptable NDS of 0.43.
Smaller feature vectors also reduce the risk of network-induced latency and packet loss,
enhancing robustness in real-world deployments. Intermediate splits, such as Layer 3 with
FP16, provide a balanced trade-off between end-to-end delay and accuracy. Layer 3 with
FP16 achieves a delay of 88.7 ms and an NDS of 0.47, making it a practical solution for
perception systems that require both timely responses and reasonably accurate detection,
a visual demonstration of the result is shown in Figure 8.6. In scenarios where accuracy is
the primary concern, FP32 at shallower layers remains the best choice, although it comes
at the expense of higher delay.

8.5 Conclusion and Future Work

This study evaluates cloud-based 3D object detection using a BEVFormer based model
integrated with V2X communication. We propose a hybrid computing strategy that
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Camera back

FiGURE 8.6: Qualitative results at split layer 3 with FP16 on the nuScenes validation set

(SceneID: n008-2018-05-21-11-06-59-0400), an NDS score of 0.47. We show 3D bounding box

predictions in multi-view (6x) camera images and the 360-degree BEV. Source: Reprinted from
[60] with permission, (€)2025 IEEE.

leverages cooperative perception for 360-degree detection. The approach offloads in-
tensive computations to the cloud while maintaining lightweight feature extraction on-
board, enabling real-time perception. Experimental results demonstrate that dynamic
clipping, compression, and 5G-enabled C-V2X transmission significantly optimize latency
and bandwidth utilization.

For instance, offloading FP32 feature vectors at 10Hz from Layer 1 reduced bandwidth
usage by over 95%), from 520 Mbit/s to 10.5 Mbit/s. We also investigate the trade-offs be-
tween end-to-end delay and detection quality across various split layers and quantization
levels. Additionally, TensorRT optimizations were applied to further enhance inference
speed. Our results demonstrate that while FP32 offers the highest accuracy, its sub-
stantial end-to-end delay renders it impractical for real-time applications. In contrast,
FP8 achieves significantly lower latency with reasonable accuracy, making it suitable for
latency-sensitive scenarios. FP16 provides a balanced trade-off between accuracy and
latency, fitting applications that require both timely responses and adequate detection
performance. This study underscores the importance of selecting appropriate split layers
and quantization levels based on operational requirements. Shallower splits with FP32 are
optimal for accuracy-focused tasks, whereas deeper splits with FP8 cater to applications
with strict latency constraints.
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Part V

Challenges, Conclusion, and Future
Directions
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Chapter 9

Open Challenges and Lessons
Learned

This chapter explores the challenges and insights from developing and evaluating percep-
tion systems for CAVs. It focuses on open issues, including network reliability, scalability
in large-scale deployments, and the balance between resource demands and real-time pro-
cessing requirements. The discussion highlights the potential of V2X network technologies,
particularly in enhancing scalability and enabling real-time object detection.

Finally, the chapter concludes with a summary of lessons learned and a forward-looking
roadmap for advancing real-time perception technologies. Key directions include adaptive
computing strategies, optimized mixed-precision data handling, and integrating emerging
technologies like 6G to enhance efficiency and reliability.

9.1 Open Challenges

Implementing cooperative perception systems for CAVs involves several critical challenges
that significantly affect performance. These include managing distributed processing
across heterogeneous platforms, ensuring reliable data exchange over dynamic vehicular
networks, and meeting strict real-time latency constraints. Addressing these challenges
requires efficient task allocation between local and cloud resources, as well as strategies to
mitigate packet loss and network delays for reliable deployment, as shown in Figure 9.1.

9.1.1 Distributed Processing

While distributed processing enhances perception accuracy under low-latency constraints,
it also presents challenges. Key issues include task allocation between vehicles and servers,
maintaining synchronization across distributed platforms, and addressing variations in
computational capabilities. Furthermore, when multiple vehicles offload data from the
same scene to the cloud, redundant processing can strain computing and network re-
sources, increasing overall latency.
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FIGURE 9.1: Streaming high-resolution sensor data significantly increases bandwidth require-
ments. In networks with variable throughput and latency, this can lead to transmission failures.

Effectively addressing these issues requires advanced resource allocation strategies ca-
pable of dynamically balancing workloads and minimizing redundancy. While this chal-
lenge is not fully explored in this dissertation, it highlights an important direction for
future research to improve scalability and efficiency in distributed processing for cooper-
ative perception systems.

9.1.2 Network Reliability

Our experiments demonstrated the significant advantages of V2X communication in en-
hancing cooperative perception. However, numerous challenges persist, particularly in
dynamic vehicular network environments. Reliable data exchange is critical for cooper-
ative perception systems, as it directly affects the quality of perception. Ensuring this
reliability remains challenging due to factors such as high mobility, signal interference, and
network congestion, which frequently lead to packet loss, delays, and bandwidth instabil-
ity. These issues are further exacerbated by poor connectivity and external interference.

In high-speed scenarios, frequent handovers between communication nodes can disrupt
connectivity, while urban areas often experience increased interference and jitter due to
dense traffic and infrastructure. Existing protocols, such as C-V2X and ITS-Gb5, address
some of these challenges through features like direct V2V communication and message
prioritization. However, further advancements are required to achieve the desired levels
of performance and reliability. Techniques such as adaptive bandwidth allocation, ad-
vanced error correction methods, and multi-link communication strategies hold potential
for improving system reliability. Emerging technologies, including 6G and satellite-based
communication systems, also show promise in addressing these challenges, particularly in
remote or rural areas. These aspects, while promising, are beyond the scope of this study
and remain an open area for future research.
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9.1.3 Real-Time Performance

Future CAVs are expected to integrate high-resolution sensors, such as LIDAR and multi-
camera systems, to enhance perception capabilities and situational awareness. However,
this study focuses specifically on camera data, leaving the complexities of sensor fusion,
such as combining LiDAR point clouds with camera outputs for future research. Even with
a single sensor modality, achieving real-time performance remains a significant challenge.

The perception pipeline, which encompasses data collection, feature extraction, com-
pression, transmission, and inference, faces critical bottlenecks when processing high-
resolution camera inputs. These data streams place significant demands on both compu-
tational and network resources. Offloading to the cloud alleviates local processing burdens
but introduces additional latency, particularly under variable network conditions. Incor-
porating additional sensors such as LiDAR would further increase the data volume and
fusion complexity, underscoring the need for continued research in this area.

9.1.4 Scaling and Adoption

Scaling cooperative and distributed perception systems is essential to enable widespread
deployment and realize their full potential in CAVs. However, this goal presents both
technical and practical challenges. From a technical standpoint, ensuring seamless inter-
operability across diverse vehicle platforms and sensor technologies is a critical hurdle.
This challenge is compounded by the need to integrate communication standards such
as C-V2X and ITS-G5. Additionally, large-scale deployments generate substantial data
volumes and significantly increase network traffic, which can strain communication in-
frastructures and adversely affect system performance. While technical challenges focus
on system interoperability and performance, practical challenges primarily revolve around
infrastructure investments and regulatory considerations. Scaling these systems requires
considerable investment in infrastructure, including roadside units, cloud computing re-
sources, and reliable communication networks. These investments must also align with
regulatory compliance and support ongoing standardization efforts.

Overcoming these challenges will require developing cost-effective solutions and ad-
vanced data-sharing protocols for large-scale operations. Next-generation technologies,
such as 6G networks and satellite communication systems, offer significant potential to en-
hance scalability and reliability. For example, 6G networks promise ultra-low latency and
high bandwidth, which are critical for supporting real-time data sharing across large-scale
vehicular networks. Achieving these advancements will also necessitate close collabora-
tion among industry stakeholders, researchers, and policymakers to establish standardized
frameworks and drive widespread adoption across real-world environments. Collaboration
is essential to harmonize technical standards, align regulations across regions, and encour-
age investments from private and public sectors.

Addressing these challenges is vital to unlock the potential of cooperative perception
systems and pave the way for smarter, safer transportation systems globally.
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9.2 Broader Reflections

This section explores the broader implications of our work, highlighting its potential to
advance technologies for CAVs. By situating the research within societal, industrial, and
academic contexts, it reflects on the impact, interdisciplinary nature, and future potential
of the contributions. These reflections also provide a foundation for addressing current
limitations and driving future progress.

9.2.1 Contributions and Impact

This dissertation presents several key contributions to the field of cooperative perception,
including the creation of a versatile simulation framework that integrates various plat-
forms. The framework supports the evaluation of cooperative perception strategies by
simulating realistic traffic scenarios, environmental dynamics, and detailed communica-
tion channels essential for sensor data sharing and network analysis. By addressing the
limitations of existing tools, it provides a robust solution for accurately modeling sensor
interactions and multi-vehicle communication.

Another significant contribution is the development of hybrid computing strategies
that delegate resource intensive computations to the cloud while maintaining lightweight
feature extraction on the vehicle. This method effectively minimizes latency and band-
width usage, facilitating real-time perception with little impact on detection accuracy.
By rigorously evaluating techniques such as clipping, quantization, and compression, this
work provides practical approaches for optimizing resource efficiency. The significance of
these contributions extends beyond academic research, offering practical value for real-
world implementation. By demonstrating scalable and reliable cooperative perception
methods, this work establishes a strong foundation for deploying such systems in real-
world scenarios. Furthermore, it emphasizes the trade-offs between detection quality, la-
tency, and bandwidth, providing critical insights for designing advanced connected driving
systems and shaping the future of intelligent transportation.

9.2.2 Interdisciplinary Impact

The research presented in this dissertation spans multiple disciplines, emphasizing the
integration of edge and cloud computing, communication technologies, and perception
systems for autonomous driving. By integrating V2X communication with advanced deep
learning models like BEVFormer, it highlights the convergence of computer vison and
networking. Through the adoption of lightweight feature sharing techniques, this work
tackles the challenges of bandwidth constrained environments, effectively bridging the gap
between machine learning and wireless communication technologies.
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The simulation frameworks and methodologies developed in this research also intersect
with fields such as transportation engineering and urban planning. They provide valuable
tools for analyzing the effects of cooperative perception on traffic dynamics, reducing con-
gestion, and enhancing safety in complex urban environments. Furthermore, this research
establishes a foundation for future collaborations between academia and industry, driving
innovation at the crossroads of automotive engineering, data science, and telecommunica-
tions. The interdisciplinary scope of this thesis advances autonomous vehicle technology
while opening new avenues for exploring cooperative systems across related domains.

9.2.3 Societal Impact

The strategies presented in this work hold significant value for both society and indus-
try. Cooperative perception facilitates real-time exchange of sensor data, tackling critical
issues in road safety and traffic management. By improving the situational awareness of
individual vehicles, this approach reduces the dangers posed by blind spots and occlusions,
paving the way for safer and more efficient mobility solutions.

From an industrial standpoint, the methodologies and frameworks developed in this
research are well-suited for integration into smart city initiatives, enabling more effective
traffic management and autonomous vehicle operations. Technology providers can utilize
these findings to refine their designs for V2X-enabled CAVs, lowering development costs
while improving overall performance. Additionally, the adoption of hybrid computing
strategies aligns with the industry increasing emphasis on cloud, edge architectures, pro-
viding scalable solutions for real-time perception. The societal benefits also encompass
environmental sustainability, with better traffic management and fewer accidents leading
to reduced emissions and minimized resource waste. This research contributes to the
broader goal of creating safer, more sustainable, and efficient transportation systems.

9.2.4 Contributions to the Research Community

This work makes a meaningful contribution to the research community by offering pub-
licly available datasets generated from both simulation based and real world experiments.
These datasets include detailed annotations of sensor outputs, serving as essential bench-
marks for the advancement of cooperative perception research. By providing these re-
sources, the study encourages collaboration and supports innovation, enabling other re-
searchers to validate the findings and expand upon the methodologies proposed.

By showcasing the integration of realistic driving scenarios with robust communication
models, this simulation framework provides a pathway for testing advanced algorithms
and analyzing trade-offs in hybrid computing systems. It offers a valuable example for the
field, enabling researchers to evaluate complex V2X interactions and system performance
without relying on costly real-world setups.
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Furthermore, the insights gained from this thesis open new avenues for research, in-
cluding adaptive compression methods, mobility aware perception frameworks, and the
adoption of emerging technologies like 6G. By bridging theoretical concepts with practical
implementations, this work establishes a solid foundation for advancing the capabilities
of autonomous driving systems.

9.3 Lessons Learned

The design, testing, and evaluation of cooperative perception systems have provided valu-
able lessons, highlighting key technical and practical considerations. These insights serve
as a roadmap for refining system designs and addressing existing challenges.

9.3.1 Data Compression

One of the most critical insights gained was the inherent trade-offs between detection
quality and end-to-end delay. Effective data compression is essential for minimizing com-
munication overhead without compromising perception accuracy. Techniques such as
mixed-precision formats (e.g., FP16 and FP8) and entropy clipping demonstrated signifi-
cant reductions in bandwidth usage while maintaining system performance. However, the
choice of compression strategy must align with real time requirements, balancing com-
pression efficiency and data transmission latency constraints. This highlights the need for
adaptive compression mechanisms that can adjust to dynamic operating conditions.

9.3.2 Evaluation Framework

Simulation frameworks, such as the extended CARLA-SUMO co-simulation platform, are
essential tools for testing cooperative perception strategies. These frameworks allow for
the exchange of realistic sensor data between simulated vehicles. They also enable the
modeling of diverse traffic conditions and environmental scenarios, including varying vehi-
cle densities and challenging road layouts. Simulations offer a scalable and cost-effective
alternative to field trials by reducing the need for expensive hardware and controlled
testing environments.

However, simulations have limitations. They cannot fully replicate real-world complex-
ities like unpredictable network interference, sensor noise, or extreme weather conditions.
This gap highlights their role as a complement, not a replacement, to real-world vali-
dation. For example, while simulations can evaluate data-sharing protocols under ideal
conditions, real-world tests are necessary to assess system performance under dynamic
and uncertain environments.
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A key takeaway is the need for continuous refinement of simulation frameworks. En-
hancements like more accurate sensor models, realistic communication channel emula-
tions, and dynamic environmental interactions can improve their reliability. Combining
these improvements with targeted real-world tests ensures robust evaluation of coopera-
tive perception systems.

9.3.3 Computing Resources

Efficient transmission of sensor data and intermediate features emerged as a major chal-
lenge, particularly in bandwidth constrained environments. Techniques like H.265 com-
pression and feature quantization reduced transmission sizes by up to 98%, enabling real-
time perception. However, excessive compression degraded detection quality for smaller
objects like pedestrians, underlining the need for adaptive optimization strategies. Fu-
ture systems must prioritize methods that dynamically balance resource utilization and
detection performance in response to real-time network conditions.

9.3.4 Practical Constraints

Deploying cooperative perception systems in real-world environments revealed several
non-technical challenges, including regulatory compliance, privacy concerns, and logis-
tical complexities associated with large-scale field trials. Addressing these challenges
requires collaboration among researchers, policymakers, and industry stakeholders. Clear
guidelines on data sharing and ownership, coupled with privacy-preserving protocols, are
necessary to build public trust and streamline regulatory approval. Incorporating these
considerations during the design phase can help mitigate delays in deployment.

9.4 Conclusion

This chapter provided a detailed overview of the challenges, reflections, and lessons learned
during the development of cooperative perception systems for CAVs. Key issues, includ-
ing scalability, security, network variability, and resource management, were identified as
central to the successful deployment of these systems. The analysis underscored the im-
portance of adaptive compression techniques, hybrid evaluation frameworks, and dynamic
task allocation in overcoming technical barriers.

Moreover, addressing practical constraints, such as regulatory compliance and inter-
operability, is critical to enabling real-world adoption. These insights emphasize the need
for interdisciplinary collaboration and innovative approaches to advance cooperative per-
ception systems. By building on the findings presented in this study, future research can
pave the way for scalable, reliable, and real-time systems that accelerate the integration
of autonomous driving technologies into modern transportation networks.
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Chapter 10

Conclusion

In this concluding chapter, we synthesize the core contributions of this dissertation and
situate them within the broader context of cooperative perception systems and their role in
advancing autonomous driving technologies. The research has proposed a hybrid comput-
ing framework that strategically partitions processing tasks between onboard and cloud
systems, enabling real-time perception for CAVs. Rigorous real-world evaluations have
provided valuable empirical benchmarks, addressing key metrics such as latency, detection
quality, and scalability. Additionally, the work explores how cooperative perception can
leverage emerging V2X communication standards and advanced network technologies to
enhance system reliability and adaptability.

Beyond technical advancements, this dissertation reflects on the broader implica-
tions of cooperative perception, including its potential to reshape transportation sys-
tems through improved safety, efficiency, and environmental sustainability. The chapter
concludes by outlining future directions that can build on this foundation, addressing
unresolved challenges, and unlocking further opportunities for innovation.

10.1 Summary and Contributions

This dissertation addresses the challenge of achieving scalable, reliable, and real-time per-
ception in CAVs by introducing a hybrid computing strategies that optimizes latency and
detection accuracy through lightweight data techniques, such as clipping, quantization,
and H.265 compression. Real-world testing established benchmarks for critical metrics
like end-to-end delay and detection quality, revealing trade-offs between latency and ac-
curacy. Key contributions include the enhancement of the CARLA-SUMO co-simulation
framework for realistic sensor data sharing and the release of annotated datasets.

This research extends beyond technical contributions by tackling critical challenges
such as bandwidth optimization, scalability, and multi-vehicle collaboration. It estab-
lishes a framework for deploying cooperative perception systems in practical scenarios.
The broader societal benefits include increased road safety, reduced traffic congestion,
and enhanced energy efficiency, highlighting cooperative perception as a sustainable and
adaptive mobility solution.
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This dissertation investigates six key research questions, outlined in Section 1.2.2.
These questions focus on designing evaluation frameworks and methodologies to enable
efficient, scalable, and reliable sensor data processing. The research addresses the chal-
lenge of achieving real-time perception in CAVs through cooperative strategies augmented
by infrastructure support. The answers to these questions are discussed in detail through-
out the dissertation and summarized as follows:

RQ1: How can existing vehicular simulation frameworks be leveraged to effectively
evaluate cooperative perception solutions?
To address RQ1, we investigated realistic modeling of perception in vehicular simulations
using two well established frameworks, SUMO and CARLA. The objective was to develop
an evaluation framework for cooperative perception systems. We compared two distinct
approaches grid-based and vision-based for modeling perception sensors within simulation
environments. Our analysis examined the impact of vehicle layout, connection ratios,
weather conditions, and distance on perception accuracy. These contributions are detailed
in Chapter 3 and our publications [53, 54].

RQ2: Can raw sensor data be efficiently shared for cooperative perception?
To address RQ2, we investigated the feasibility of sharing raw sensor data for cooperative
perception in real-time scenarios. The objective was to analyze bandwidth requirements
and explore strategies for efficient data transmission. Our findings revealed that raw sensor
data imposed excessive bandwidth demands, rendering direct sharing impractical for real-
time applications. These contributions are detailed in Chapter 4 and our publications [55].

RQ3: What can be the best offloading strategies for real-time perception?

Building on RQ2, we proposed a framework and offloading strategies to tackle transmission
latency and network resource limitations. These strategies leverage H.265 and JPEG
streaming for real-time perception. We evaluated camera frame transfer and processing
on edge and cloud platforms to identify the optimal trade-off between accuracy and end-
to-end delay. The results, detailed in Chapter 5 and our papers [57, 59], demonstrated
that H.265 and JPEG compression significantly reduced bandwidth requirements. These
methods achieved real-time constraints of 20 Hz while maintaining detection accuracy.

RQ4: How can model partitioning and lightweight data-sharing techniques improve
the efficiency of cloud-based real-time perception?
To address RQ4, we investigated strategies to optimize cloud-based perception systems for
cooperative driving applications. The objective was to minimize bandwidth requirements
while balancing end-to-end delay and detection accuracy. Our analysis focused on a
model partitioning strategy that divides computational tasks between onboard systems
and the cloud, reducing transmission latency through early network splitting. We also
evaluated the effects of quantization and clipping on detection accuracy and latency,
offering practical guidelines for cooperative perception. These contributions are detailed
in Chapter 6 and our publications [58].

RQ5: How can cooperative perception systems be validated under real-world condi-
tions to ensure reliable real-time performance?
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To address RQ5, building on RQ1-4, we validated cooperative perception systems in real-
world driving environments. The objective was to assess the performance of offloading
strategies under practical conditions, focusing on challenges such as latency, communica-
tion constraints, and accuracy trade-offs. We developed a validation framework through
field trials to evaluate real-time perception. This framework incorporates a real-world
driving dataset captured with a front-facing rooftop camera and annotated with pedes-
trian, vehicle, and traffic light classes. The dataset supports the training and evaluation
of object detection models for cooperative driving scenarios. We evaluated onboard and
cloud processing approaches to enhance real-time object detection and reduce latency.
For cloud offloading, we applied H.265 video encoding and analyzed the trade-off between
end-to-end delay and detection accuracy, balancing bandwidth requirements. These con-
tributions are detailed in Chapter 7 and our publications [56].

RQ6: How can real-time cooperative perception systems be advanced to achieve ro-
bust 360-degree 3D detection in real-world V2X environments?
To address RQ6, we extended the development of cooperative perception systems to tackle
real-world challenges in 360-degree 3D detection within V2X environments. We bench-
marked onboard computing, where tasks are processed locally, against hybrid computing,
where tasks are offloaded to the cloud. To enhance the hybrid approach, we introduced
dynamic feature clipping, compression, and precision adjustments, significantly reducing
offloading latency while maintaining detection quality. Real-world testing with V2X inte-
gration confirmed the system suitability, achieving low latency and robust 360-degree 3D
perception. These contributions are detailed in Chapter 8 and our publications [60].

10.2 Future Research Directions

While this dissertation has made significant progress in advancing cooperative perception
systems for CAVs, several areas remain open for further investigation. One key area is
improving the resilience of the system in challenging real-world conditions. Adverse en-
vironments, such as extreme weather, occlusions from large vehicles, and complex traffic
dynamics, often undermine the accuracy of the detection. Future work should explore
the development of more robust perception algorithms and noise-resilient techniques to
address these challenges. Furthermore, simulation frameworks are needed to incorporate
these complexities more realistically, enabling rigorous validation of cooperative percep-
tion systems in controlled but representative settings.

Another promising avenue lies in improving the compression and feature sharing
methodologies. While this dissertation has shown the utility of approaches such as clip-
ping, quantization, and H.265 compression, future research could focus on adaptive tech-
niques that respond dynamically to varying network conditions and operational demands.
For instance, entropy or loss-aware encoding schemes could improve the balance between
bandwidth usage and detection performance, particularly for smaller object classes that
are more sensitive to data degradation. Such advancements are critical to ensuring reliable
system performance, even in bandwidth constrained environments.
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Emerging communication technologies provide significant opportunities to advance the
scalability and reliability of cooperative perception systems. The adoption of 6G networks,
satellite-based communication, and other next-generation technologies could enable ultra-
reliable low-latency communication (URLLC) and expand the operational scope of these
systems to underserved and remote areas. Future research should investigate how these
technologies can overcome existing challenges related to network variability and scalability,
improving the robustness of cooperative perception in diverse settings.

Beyond technical enhancements, there is significant potential for cooperative percep-
tion systems to address broader societal challenges. One such application is predictive
maintenance, where shared perception data could be utilized to anticipate and mitigate
vehicle or infrastructure problems, minimizing downtime and maintenance costs. Simi-
larly, integrating cooperative perception into smart city initiatives could improve urban
mobility, with applications such as pedestrian safety, autonomous public transport, and
dynamic traffic low management. These developments would play a pivotal role in cre-
ating safer, more efficient, and more adaptive transportation systems.

Finally, the widespread adoption of cooperative perception systems will require stan-
dardized protocols for V2X communication. Establishing global interoperability standards
is essential to ensure seamless integration across various platforms, manufacturers, and
jurisdictions. Such efforts will also foster collaboration among stakeholders, accelerating
the deployment of these systems on a scale. Future research should focus on developing
and refining these standards to support the growth and widespread acceptance of coop-
erative perception technologies. Although this research represents significant progress,
several challenges and opportunities remain for future exploration. These include advanc-
ing technology, refining methodologies, and expanding applications.

10.3 Closing Reflections

This dissertation has highlighted the significant role of cooperative perception in shaping
the future of autonomous driving systems. Through the integration of hybrid computing
frameworks, advanced simulation tools, and extensive real-world evaluations, this work
bridges the divide between conceptual research and practical deployment. The findings
emphasize the necessity of interdisciplinary collaboration, addressing technical challenges,
to develop equitable and sustainable solutions. As we look to the future, cooperative per-
ception represents a transformative approach to intelligent transportation, offering new
opportunities to enhance safety, efficiency, and adaptability in mobility networks. Contin-
ued innovation and collaborative efforts will be crucial in refining these systems, ensuring
they meet the demands of real-world applications while fostering societal acceptance. Con-
tributing to this rapidly evolving field has been an enriching experience, and we remain
optimistic about its potential to revolutionize transportation in the years ahead.
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