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ABSTRACT

The perception module in an autonomous driving (AD) system strives to accurately
represent the surrounding environment. This component plays a crucial role in the
realization of autonomous vehicles (AVs). By fusing data from various AV on-board
sensors, it facilitates a more accurate and comprehensive representation of surrounding
driving environments, overcoming the limitations of relying on a single sensor. However,
ensuring accurate and reliable perception in dynamic and complex traffic scenarios
remains a significant challenge. First, model uncertainty, stemming from the vast and
infinite range of traffic scenarios, must be addressed from both short-term and long-term
perspectives to enhance robustness. Second, perception uncertainty, caused by occlusions
and long distance objects, must be handled in time to help AVs adapt to the dynamic
and densely clustered driving environments. Finally, as connected autonomous vehicles
(CAVs) and intelligent roadside units (IRSUs) collaborate via wireless networks to share
knowledge for robust perception, it is also critical to account for wireless communication
constraints, such as latency, bandwidth limitations, and signal distortion.

To address these challenges, this thesis develops a series of methods for robust per-
ception in intelligent networked vehicular systems, focusing on road-assisted cooperative
model training and inference.

To mitigate uncertainty within perception models, a road-assisted cooperative train-
ing framework is introduced, along with a road supervised data annotation algorithm for

newly collected out-of-distribution (OOD) data. Additionally, a roadside sensor placement



algorithm is developed to facilitate optimal knowledge sharing between CAVs and IRSUs
based on learning requirements.

To reduce the communication latency among CAVs and IRSUs during the cooperative
training process, a network topology optimization algorithm is devised to minimize
latency under varying network conditions.

For improving perception robustness, this thesis incorporates diverse V2V com-
munication channel models, including Rician fading, WINNER II, and non-stationary
time-varying V2V channels, into the cooperative inference system, providing a systematic
analysis of performance degradation due to communication impairments. Building upon
this analysis, a joint weighting and denoising framework is developed to correct both
CAV-level and pixel-level feature distortions, thereby enhancing the resilience of shared
intermediate features in cooperative perception.

Extensive evaluations using the CARLA (Dosovitskiy et al., 2017) simulator and real-
world datasets demonstrate that the proposed cooperative learning solutions along with
the roadside sensor placement algorithm consistently outperform baseline approaches,
achieving up to a 16% improvement in perception accuracy, and the proposed joint weight-
ing and denoising algorithm for cooperative inference achieves at least 38% robustness
gain under challenging wireless channel conditions. These findings contribute to the
advancement of efficient cooperative training and inference in AD systems, providing
a scalable and adaptable framework for improving perception reliability in real-world

traffic environments.
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CHAPTER

INTRODUCTION

1.1 Background

Intelligent transportation systems (ITSs) (Kuo & Choi, 2024), which aim to enhance
road safety and optimize traffic flow and efficiency, have garnered significant attention
in both academic and industrial communities in recent years. A key enabler of the
ITS is the wireless vehicular network (Abdelkader et al., 2021), which consists of two
primary components: connected autonomous vehicles (CAVs) (Tsukada et al., 2020) and
intelligent roadside units (IRSUs) (Shan et al., 2020). CAVs and IRSUs are equipped
with multi-modal sensors, including LiDAR, radar, and cameras; mobile computing units
for real-time data analysis; and advanced communication units, which enable both CAVs
and IRSUs to connect and share information through Vehicle-to-Vehicle (V2V) or Vehicle-
to-Everything (V2X) communication (Bréhon—Grataloup et al., 2022). The IRSUs act as
infrastructure-based sensors and communication hubs, while the CAVs utilize both on-
board sensors and received information from other road participants to make decisions.
For instance, Figure 1.1 illustrates a collaboration scenario involving multiple CAVs and
IRSUs. The left subfigure shows a top-down view of a T-junction scenario where CAVs

and IRSUs collaborate by sharing perception information via wireless communication.
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The right subfigures provide detailed views of the 2D sensors used by the CAVs and
IRSUs. This collaboration enables CAVs to receive information beyond their Field of
Views (FoVs), reducing blind spots and enhancing situational awareness. As a result, it

improves road safety and promotes more efficient traffic management.

FoV of IRSU1

AT\ s RS :

Figure 1.1: The collaboration among CAVs and IRSUs in the ITS.

Built upon the hardware devices on CAVs and IRSUs, the interaction between CAVs
and their surrounding environment comprises three fundamental functionalities: 1)
cooperative perception, which aims to observe the surrounding environment and convert
it into machine-readable information; 2) CAV navigation, which generates target routes
and collision-free motion plans based on perception data; and 3) CAV control, which
generates driving signals such as throttle and brake. Among these functionalities, coop-
erative perception is crucial to the safety of autonomous driving (AD), as uncertainties
in perception results can be amplified and transformed into control uncertainties, poten-
tially leading to catastrophic outcomes (Eskandarian et al., 2019). Thus, it is imperative
to develop robust and adaptive perception models that can handle the complexities of
real-world traffic scenarios.

Given the importance of perceptions, centralized training methods have been widely
used, following a typical three-step process, for training deep neural network (DNN)-
based perception models: 1) data collected from CAVs is first uploaded to a cloud server;
2) the detection model is then trained centrally; 3) finally, the trained model is deployed
back to the CAVs for inference. Although this centralized training scheme has achieved

good performances in driving scenarios with deterministic data distribution, it struggles
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CHAPTER 1. INTRODUCTION

to accommodate open driving scenarios with a wide variety of traffic scenes, as collected
datasets often lack representation of rare cases, such as adverse weather conditions
or traffic accidents. To overcome this limitation, federated learning (FL) (J. Wen et al.,
2023), combined with wireless edge computing, has emerged as a promising distributed
learning paradigm that enables efficient cooperative model training and continuous
updates.

However, applying FL directly to domain-specific autonomous driving areas presents
unique challenges. Many existing FL applications, such as image classification (S. Wang,
Li, et al., 2022), rely on manually annotated data. In contrast, FL for AD often needs to
operate on newly collected unlabeled data due to its distributed and high-mobility nature,
making the conventional FL approach less effective. Moreover, IRSUs play crucial roles
in extracting knowledge from diverse traffic scenarios, while existing roadside sensor
placement algorithms primarily focus on monitoring traffic flow (Vijay et al., 2021), and
overlooking the learning requirements and knowledge sharing necessary for FL. among
CAVs and IRSUs. As a result, roadside-involved FL remains an unexplored area.

In addition to the challenges in training perception models, new issues arise during
the inference stage due to the complexities of communication. Cooperative inference
techniques have been developed to enable CAVs to leverage information from other road
participants, enhancing their perception capabilities. However, collaboration between
CAVs and IRSUs depends heavily on wireless communication, which introduces several
challenges, such as latency, bandwidth limitations, and channel distortion. The non-
stationarity of V2X communication channels, caused by moving scatterers (i.e., other
vehicles and pedestrians), further complicates real-time information sharing, highlight-
ing the need for robust and adaptive communication strategies to ensure reliable and
efficient cooperative inference.

Based on our literature review, we identifies the following areas that present chal-

lenges on achieving efficient cooperative training and inference among CAVs and IRSUs:

* Roadside sensor placement: Road-assisted cooperative model training among CAVs

and IRSUs requires careful design for roadside sensor placement, as these sensors
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significantly affects both the quality of data collected for model refinement and
the effectiveness of cooperative learning. Traditional roadside sensor deployment
strategies typically focus on maximizing coverage, often overlooking the specific
learning requirements needed to assist CAVs in acquiring roadside knowledge for
model updates. This critical pain point has not been well investigated. Addressing
this gap is essential to ensure that roadside infrastructure effectively supports the
dynamic learning and continuous refinement needs of CAVs. Annotation for newly
collected data: Existing FL models typically rely on manually annotated datasets
to facilitate cooperative model training. However, FL for AD often needs to operate
on newly collected, unlabeled data to upgrade the perception models, This poses a
significant challenge that remains largely underexplored. Wireless communication
constrains for cooperative training: Developing an efficient cooperative training
scheme among CAVs and IRSUs with wireless communication requires careful
consideration of dynamic V2X communication conditions. Existing FL with wireless
communication primarily focus on optimizing the communication protocols but
often overlook the specific perception tasks required for AD. Additionally, the
dynamic nature of real-world network topology and the heterogeneity of local CAV
resources must be carefully considered to ensure the practicality and effectiveness

of road-assisted cooperative training in real-world scenarios.

Channel impairment analysis for cooperative inference: Existing research on coop-
erative model inference often operates under the assumption of ideal V2V channel
conditions. However, distortions introduced by various channel impairments have
the potential to compromise the effectiveness of wireless-connected cooperative
inference systems, which has not been well investigated. In addition, a realistic
non-stationary V2V communication channel needs to account for non-stationary
and time-varying CAV-related parameters, including CAVs’ velocity, acceleration,
trajectory, and time-variant distances. Building such a realistic V2V communica-
tion model and applying it to real-world scenarios is an urgent yet challenging task

that remains underexplored.
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* Robust cooperative inference under V2V communication: Given the performance
degradation caused by channel impairment for cooperative inference under various
V2V channel conditions, it is imperative to find an efficient solution to mitigate the

adverse effects of channel impairments, which has yet to be investigated.

1.2 Research Motivations and Contributions

To overcome the aforementioned challenges, this study firstly develops innovative frame-
works for enabling efficient collaboration among CAVs and IRSUs. Additionally, we
designs optimization algorithms that are tailored to the deployment of roadside in-
frastructure and the management of distributed learning and inference processes over
wireless communication. All these novel techniques are tested across various traffic
scenarios through three focuses. In this section, we first presents motivations for these

three focuses. Then we summarize our research contributions.

1.2.1 Road Supervised Federated Learning with Bug-Aware

Sensor Placement

To achieve effective road-assisted cooperative training, the position of IRSUSs’ sensors
should be carefully designed. Existing work on 2D sensor deployments cannot be effi-
ciently extended to 3D sensor deployments because of fundamental differences in data
structures and spatial resolution. While 2D sensors capture planar information, 3D
sensors (e.g., LIDAR, radar) generate volumetric point clouds with depth, orientation in-
formation that fundamentally alter coverage modeling. Besides, most existing 3D sensor
deployment focuses on maximizing the coverage of the traffic areas, or maximizing the
number of detected objects. Apart from providing additional sensing coverage for CAVs,
roadside sensors also aim to assist CAVs in conducting the cooperative learning process.
In 3D object detections, the pose of roadside sensors significantly impacts the geometric
features of detected objects, as the reflected point clouds vary across different parts of

the objects’ surface. This variation further affects the learning process by influencing



CHAPTER 1. INTRODUCTION

the knowledge extracted from the point cloud data. When designing roadside sensors
placement for cooperative training, it is essential to balance both coverage optimization
and effective knowledge sharing to enhance model performance.

In addition, existing literature on training of perception models primarily focuses
on centralized paradigms, where the model is trained once and then deployed on CAVs
for inference. However, those trained models may not generalize well in real-world AD
scenarios. Two key factors contribute to this limited generalizability: 1) Sensing uncer-
tainty — The sensing data collected by each CAV may be sparse, noisy, or missing due to
hardware limitations and environmental complexity (such as occlusion or long distance);
2) Parameter uncertainty — The downloaded model may be compressed or pruned to
accommodate the limited computing, communication, and storage resources available
on CAVs, further affecting its performance. To overcome the sensing and parameter
uncertainties, a direct approach would be to collect large-scale datasets and adopt a per-
fectly optimized model. However, this solution not only incurs unbearable communication
overhead but also requires high-cost labor for accurate annotation. A more practical and
promising solution is to leverage newly collected data from CAVs and IRSUs, combined
with a FL learning scheme, to fine-tune perception models — particularly when CAVs
encounter out-of-distribution (OOD) data in open traffic scenarios. However, vanilla FL
approaches rely on manually annotated datasets and are typically based on supervised
learning, which makes them ineffective in AD contexts, where most of the newly collected
data is unlabeled. Therefore, it is critical to develop an efficient road-assisted FL scheme
tailored for AD systems to enable cooperative model training without the need for the
manual data annotation.

Motivated by this, we develop an efficient cooperative training scheme between CAVs
and IRSUs by utilizing shared information across various traffic scenarios. Specifically,
we devise road-supervised FL (RSFL), which leverages the perception results from road-
side sensors to annotate data collected by CAV sensors. It offers a novel perspective on
data annotation for FLAD systems. To gain deeper insights into RSFL, we derive the

information gain of object annotation through roadside sensors by leveraging the expected
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entropy reduction, providing a theoretical foundation for understanding the benefits
of road-assisted annotations. Furthermore, we develop a bug-aware sensor placement
(BASP) algorithm, where the bug data (representing perception errors) from each traffic
scenario is extracted to optimize both the number and placement of roadside sensors.
BASP strategically reduces (increases) the number of sensors in low (high) complexity
scenarios. Upon comparisons with traditional sensor placement strategies that primarily
focus on sensing coverage or road geometry, we demonstrate that BASP approximately
maximizes the information gain achieved through road supervision. Experimental re-
sults confirm the superiority of the proposed RSFL framework and BASP algorithm in

enhancing cooperative training performance.

1.2.2 Communication Topology Optimization for FLCAV

V2X communication facilitates collaboration by enabling CAVs and IRSUs to share and
fuse multi-modal data, with central nodes on IRSUs playing a key role in processing
and aggregating information. However, the effectiveness of information sharing in such
systems heavily depends on the characteristics of the wireless V2X communication
channels, which are subject to variations in latency, bandwidth, and channel reliability.
For the FL process in AD, CAVs and IRSUs collaboratively upgrade the global model
without transmitting private local data. However, during the cooperative training pro-
cess, uploading local model parameters or gradients from individual CAVs to the IRSU
incurs significant communication overhead, resulting in high communication latency.
Additionally, the heterogeneity of wireless channels and CAV on-board resources further
complicates the cooperative FL training process. The presence of stragglers — slower or
less reliable CAVs — and the mobility of CAVs in dynamic traffic environments further
slow down the convergence of the global model. This delay impacts the overall efficiency
and performance of cooperative training.

Motivated by this, we focus on how to achieve efficient cooperative training among
IRSUs and CAVs in considering the practical V2X communication and dynamic network

topology in the wireless V2X communication settings. We propose a topology optimization
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algorithm to reduce communication latency and straggler issues and accelerate the
cooperative model training and upgrading process. Experiment results show the proposed

algorithm accelerates the model upgrade and improves the perception performance with

the help of IRSUs.

1.2.3 Enhancing Cooperative Inference with practical V2V
communications: A Joint Weighting and Denoising

Approach

Different from cooperative training, aiming to upgrade the perception model by collabo-
rative training processes, cooperative inference aims to improve the perception accuracy
by leveraging shared information from other road participants in the inference stage.
Cooperative inference (i.e., cooperative perception) among CAVs has been widely studied
to alleviate the inherent limitation of single vehicle perception. Existing research on
cooperative perception primarily focuses on improving final perception accuracy by fusing
information obtained from other vehicles, typically under the assumption of ideal com-
munication conditions. In real-world cooperative perception scenarios, data transmission
and sharing among CAVs take place via V2V communication. This communication is
subject to dynamic time-variant channel conditions, which can significantly have nega-
tive affect on the transmitted messages and subsequently impact the final perception
results. Therefore, how to incorporate vehicular communications in cooperative percep-
tion is vital for ensuring system robustness, which has not been adequately investigated.
Furthermore, a more sophisticated channel model that accounts for the non-stationarity
of V2V channels, particularly the time-varying distortions caused by vehicle speed and
moving scatterers, has yet to be investigated.

Motivated by this, we propose a joint weighting and denoising framework, named
Coop-WD, to enhance cooperative perception in the presence of V2V communications
impairments, where the self-supervised contrastive model and the conditional diffusion

probabilistic model are adopted hierarchically for feature enhancement on CAV and



CHAPTER 1. INTRODUCTION

pixel level, respectively. Simulated Rician fading, multipath, non-stationarity, and time-
varying distortion of V2V characteristics are considered. Numerical results demonstrate
that the proposed Coop-WD outperforms conventional benchmarks under all types of
channels. It is also validated that the proposed algorithm could adaptively mitigate
the negative effects according to the level of channel impairments and improve the
performance when there is mild distortion. Qualitative analysis with visual examples
further proves the superiority of the proposed method.

To summarize, we have made the following research contributions:

* To contribute to road supervised federated learning, we propose an effective road-
side sensor placement algorithm, a novel labelling algorithm for unlabeled newly
collected data, and a road-supervised federated learning scheme to enable effi-
cient collaboration between IRSUs-CAVs. These methods are designed under the
assumption of ideal communication conditions while addressing the challenges
of handling unlabeled data and ensuring continuous upgrades to the perception

models.

* To contribute to communication topology optimization for FLCAV, we develop a
flexible FL for CAVs (FLCAV) framework and propose an efficient topology opti-
mization algorithm to facilitate cooperative training between CAVs and IRSUs
within wireless networked vehicular systems. The proposed framework has demon-
strated significance reduction in the communication latency, mitigate perception

uncertainty and improve the models’ generalizability.

* To contribute to enhancing cooperative inference with practical V2V communica-
tions, we first develop a practical non-stationary V2V channel model that considers
time-varying CAV parameters, such as velocity, acceleration, location, and orien-
tation. This model fully accounts for the impact of these parameters on channel
conditions. Furthermore, we propose a joint weighting and denoising framework to
recover noisy information received by the ego-CAV and mitigate the adverse effects

of channel impairments during cooperative inference.
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1.3 Thesis Outline

Remaining of the thesis is organized as follows:

* Chapter 2: This chapter presents the review of relevant literature on ITS ar-
chitectures, perception-related DNN models, public dataset, simulators for AD,

cooperative model training and inference schemes, and research gaps.

* Chapter 3: This chapter details our exploration of the architectures, simulators,
datasets, and DNN models to build the cooperative model training system among
CAVs and IRSU. A BASP algorithm based on integer programming is derived to
solve the roadside sensor placement. In addition, a RSFL framework equipped

with bug aware road labelling (BARL) algorithm is devised for the AD system.

e Chapter 4: This chapter illustrates the research of cooperative model training with
V2X communications. We first explore the integration of the perception task for
FLCAV with V2X communication under practical communication topology among
CAVs and IRSUs. A multi-layer communication topology optimization algorithm
is then proposed to reduce the communication delay among CAVs and IRSUs and

improve the communication efficiency of the cooperative training process.

* Chapter 5: This chapter illustrate the research of cooperative inference with V2V
communication. A joint weighting and denoising framework for cooperative infer-
ence (Coop-WD), has been proposed to enhance cooperative inference under V2V
communication impairments. The framework employs a hierarchical approach,
integrating a self-supervised contrastive model for feature enhancement at the
CAV level and a conditional diffusion probabilistic model for pixel-level refinement.
Simulated scenarios include Rician fading, multipath effects, non-stationarity, and
time-related distortions, capturing the key characteristics of V2V communication
challenges. The proposed algorithm can effectively adapt to varying levels of chan-
nel impairments, mitigating their negative effects and improving performance,

particularly in cases of mild distortion.
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* Chapter 6: This chapter concludes this thesis and discusses the potential future

works.
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CHAPTER

LITERATURE REVIEW

This chapter presents the literature review about efficient cooperative training and
inference for networked vehicular systems. It includes architecture design, advanced
3D object detection models, public datasets, simulators for AD, cooperative schemes for
CAVs and IRSUs and the identified research gaps which underpin the research questions
of this study.

2.1 Architectures for the Vehicular Networks

The rapid development of wireless communication and machine learning(ML)-enabled
applications have facilitated the advances in AD systems. However, the substantial
resource demands of these ML-based applications, particularly for computationally
intensive and delay-sensitive tasks, often exceed the capabilities of vehicles with limited
on-board processing and communication resources. To this end, mobile cloud computing
(MCC) (Asghari & Sohrabi, 2024) and mobile edge computing (MEC) (Loutfi et al., 2024)

are widely acting as promising architectures for the networked vehicular system.
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2.1.1 Mobile Cloud Computing

Originally, the vehicular network architecture was based on MCC (Qureshi et al., 2018).
In MCC, cloud servers are located far from end devices but provide integrated resource
allocation and mobility management for vehicles to address the needs of mobile end users
(Bréhon—Grataloup et al., 2022). The integration of vehicular networks with MCC led to
the emergence of vehicular cloud computing (VCC) (Saleem et al., 2024), a paradigm that
promises to address the computational limitations of individual vehicles by leveraging the
collective resource of the network. In this paradigm, computation-extensive applications
are offloaded to a cloud server, and large amounts of data are stored in the cloud. In this
way, the paradigm can reduce the computation and storage burden of vehicles. However,
the cloud server is far from the end vehicles, which leads to high transmission latency.
Furthermore, the volume of data transmission and retrieval will place considerable

pressure on backhaul network resources.

2.1.2 Mobile Edge Computing

Although the VCC brought advancement for the architecture of a vehicular network,
the communication latency issue impedes its use of delay-sensitive applications for
vehicular networks like object detection, lane recognition, and traffic sign detection.
Thus, MEC (X. Wang et al., 2023) is envisioned as a promising paradigm to alleviate such
issues. In MEC, the cloud service is distributed to the edge servers which are generally
located in the vicinity of end users. In this regard, the communication latency can be
reduced remarkably. By integrating a vehicular network into MEC, a paradigm, named
vehicular edge computing (VEC) (Hasan et al., 2024), was proposed in recent years.
In VEC, vehicles have limited communication and computation resources. Roadside
infrastructures can act as edge servers distributed along the road and are in charge of

data collection and processing.
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2.2 Machine Learning Enabled Perception for
Autonomous Driving

Deep neural networks (DNN) have revolutionized every branch of AD. The perception
module is the visual system of a CAV. Through the perception module, CAVs can detect,
track and classify nearby objects to reason about the surrounding environment. Failure
to detect and classify important objects could lead to tragic accidents. As the core task
of the perception module, object detection has greatly benefited from the progress in
deep learning (DL) technologies. Numerous DL-based object detection models have been
developed and deployed for perception in AD. This section reviews the techniques used

in 3D object detection and the public datasets for 3D object detection.

2.2.1 3D Object Detection for Autonomous Driving

Generally, 2D object detection (Vijayakumar & Vairavasundaram, 2024) leverages cam-
eras to collect 2D images, but this approach cannot provide precise depth information.
Although the techniques for 3D depth estimation on 2D images (Y. Li, Bao, et al., 2023)
have been improved with the advancement of the DL-based vision algorithms, the es-
timations are still far from precise and reliable. Besides, 2D object detection tends to
have poor performance in low-light scenarios and a high computational cost of processing
high-resolution images, so it is not robust enough to be used in resource-constrained

vehicles.
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Figure 2.1: Visualization of point cloud and detected bounding boxes of surrounding objects.

Thanks to the advancement of sensor technologies, 3D scanners like LiDAR are be-
coming more and more affordable and available. LIDAR, which stands for light detection
and ranging, can precisely measure the distance between the sensor and surrounding
obstacles while providing rich geometry, shape, and scale information (Fernandes et al.,
2021). It has been widely adopted in CAV applications. In recent years, DL-based point
cloud processing approaches have been attracting attention in both academic and indus-
trial communities. Various 3D detection models have been proposed to address problems
related to the point cloud data process. LiIDAR-based 3D object detection can get the
distance from the LiDAR to the surface of objects through real-time LiDAR sweep, then
feed into 3D object detection models, and output a list of 3D bounding boxes. As shown in
Figure 2.1, CAVs exploit LiDAR to capture point cloud data, subsequently transforming
it into 3D bouding boxes. These boxes encapsulate the pose (position and orientation),
dimensions, and classification of detected objects in the surrounding environment. This
sub-section reviews existing popular DL-based point cloud processing models for 3D
object detection and recent progress in this research area.

Existing DL-based 3D point cloud processing approaches can be classified into four
categories: (i) raw point-based methods; (i) 3D voxelization-based methods; (iii) Birds

eye view (BEV)-based methods; and (iv) range-view-based methods.
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2.2.1.1 Raw-Point-Cloud-based Perception Approaches

In terms of raw point-based detection models, pioneer work includes PointNet (Qi, Su, et
al., 2017) and its variants PointNet++ (Qi, Yi, et al., 2017). PointNet proposed a DNN that
can directly exploit point cloud data to perform 3D object classification, segmentation,
and scene semantic parsing. Firstly, it adopts several multi-layer perception modules
to extract key point features and uses the max pooling layer as a symmetric function
to aggregate the information from all points. A segmentation network is then used
to concatenate the global feature with each point feature. Finally, a joint alignment
network is applied to align the point feature and extracted features for prediction. The
drawback of PointNet is that it is a point-wise process, so it fails to capture the local
structure among the points, which can contain important features. To solve this problem,
PointNet++ proposed an approach to process point clouds hierarchically. It first builds
the distance metric of the space and partitions the set of points into several overlapped
local regions. Then, local features are extracted from a small neighborhood. These local
features are subsequently grouped into larger units and processed to produce higher
levels of features. Lastly, this process is repeated until the features of the whole point
set were obtained. Besides, several other similar works like PointRCNN (S. Shi et al.,
2019), PointRGCN (Zarzar et al., 2019), SVGA-Net (He et al., 2022) and PG-RCNN (Koo

et al., 2023) can be categorized under this scheme of point cloud representation.

2.2.1.2 3D Voxelization-based Perception Approaches

A 3D voxelization-based method first segments point clouds into 3D voxels with equal
volumetric scales in the 3D Cartesian coordinate system. Features are then extracted
from a set of points within each voxel, which are subsequently aggregated and concate-
nated to expand the receptive field and incorporate additional context into the extracted
features. This approach effectively reduces the dimensionality of point clouds, saving
memory resources. The pioneering work in this domain is VoxelNet (Y. Zhou & Tuzel,
2018). It first utilizes a voxel feature encoding (VFE) layer to generate unified feature

representations for groups of points within 3D voxels, which are created by partitioning
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the input point cloud into a regular grid and enabled the conversion of raw 3D points
into voxel-based representations while simultaneously learning 3D geometric features
within each voxel. Following this, a 3D convolutions is exploited to further extract voxel-
wise features through a region proposal network (RPN), ultimately generating the final
outputs. Other notable voxelization-based methods include SECOND (Yan et al., 2018),
Part-A2 (S. Shi et al., 2020), Voxel R-CNN (Deng et al., 2021), FSD (Fan et al., 2022) and
LION (Z. Liu et al., 2025).

2.2.1.3 BEV-based Perception Approaches

For BEV-based methods, notable examples include PIXOR (B. Yang et al., 2018) and 3D-
CVF (Yoo et al., 2020). By assuming that all the objects are on the ground and cannot fly,
it becomes reasonable to exploit the BEV representation, which is more computationally
friendly than a 3D voxel grid. PIXOR proposes a proposal-free, one-stage detector, in
which the scene is represented in a BEV map. 2D convolutions are applied to learn
pixel-wise features of the BEV map. Additionally, 3D-CVF proposes a LiDAR-camera
fusion architecture that transforms the camera view’s feature map into a calibrated and
interpolated feature map in BEV. This approach leverages the complementary strengths
of LIDAR and camera data to enhance perception performance. Other notable BEV-based
methods include PillarNeXt (J. Li, Luo, & Yang, 2023), Graphbev (Song et al., 2024) and
Bevnext (Z. Li et al., 2024).

2.2.1.4 Range-View-based Perception Approaches

Range view representation, which aligns with the native view of LiDAR sensors, is used
to construct a dense input image. This representation is inherently more compact than
BEYV, resulting in significant computational efficiency gains.

For range-view-based methods, notable examples include LaserNet (Meyer et al.,
2019) and VeloFCN (B. Li et al., 2016). In LaserNet, the method first predicts a class
probability for each LiDAR point within the range-view image. It then regresses a

probability distribution over bounding boxes in the top-down view. To refine these
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predictions, the per-point distributions are combined using mean shift clustering, which
helps reduce noise in individual predictions. Finally, a novel adaptive non-maximum
suppression algorithm was applied to remove duplicate bounding box distributions,
further enhancing the detection accuracy and efficiency.

To summarize, among DL-based 3D point cloud approaches, the raw data-based meth-
ods can fully exploit point-wise information from the point cloud, while it lacks spatial
prior. The 3D voxelization-based methods and 2D BEV-based methods are typically more
straightforward; however, due to the inherent sparsity of point clouds, these methods
often result in a large number of empty voxels or pixels, leading to inefficiencies in com-
putation and memory usage. The range view-based methods are more compact compared
to 3D voxelization-based methods and 2D BEV-based methods, as they align naturally
with the native sensor view, reducing redundancy. However, the notable challenge with
range-view representation is that objects appear at varying scales depending on their

distance from the sensor, complicating consistent object detection (S. Chen et al., 2020).

2.2.2 Simulator for Traffic Scenarios Generation and Data

Collection

Traffic simulators allow researchers to evaluate algorithms in controlled virtual envi-
ronments, mimicking real-world traffic scenarios such as road configurations, traffic
flow patterns, and vehicle interactions. This simulation capability enables the genera-
tion of large-scale datasets for training and testing algorithms across varied conditions,
eliminating the need for costly and time-intensive physical testing on actual roadways.

In (Dosovitskiy et al., 2017), CARLA was introduced as an open-source urban driving
simulator, particularly designed for AD research. CARLA provides open digital assets
such as urban layouts, buildings, and vehicles, all created for simulation purposes
and freely usable. Additionally, CARLA simulates a variety of sensors, including RGB
cameras and pseudo-sensors for ground-truth depth and semantic segmentation. This
could provide detailed data for training and testing perception systems. CARLA also

allows users to configure a broad spectrum of environmental conditions, such as weather
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and time of day, enabling robust testing of AD systems’ robustness under different
scenarios. Furthermore, CARLA facilitates the collection of driving data and supports
driving policy analysis through performance metrics such as the distance travelled
between infractions and other performance indicators.

Another widely used open-source simulator is SUMO (Krajzewicz et al., 2012), which
was particularly designed to handle complex city road networks. SUMO could be used
for various applications, including transportation planning, traffic management, and
the evaluation of AD systems. It could generate traffic demand based on predefined
routes or more sophisticated models considering trip purposes and origins-destinations.
Additionally, SUMO also include a built-in editor for creating and editing road networks,
which could be customized to match real-world scenarios or hypothetical layouts. It
also provides various output options, including vehicle trajectories, traffic densities, and
visualizations, enabling detailed analysis and a better understanding of the simulation

results.

2.2.3 Public Dataset for Perception

Research in 3D object detection for AD has been greatly accelerated by the availability of
high-quality annotated datasets. Current mainstream public datasets explored for 3D
object detection include KITTI (Geiger et al., 2013), ApolloScape (Huang et al., 2019),
nuScenes (Caesar et al., 2020), Lyft Level 5 AV dataset (Houston et al., 2021)), and
Waymo (Sun et al., 2020).

As the pioneering dataset in the AD field, KITTI has been widely used to benchmark
various visual tasks. The dataset was collected using a vehicle equipped with four video
cameras, a 3D laser scanner, and GPS/IMU inertial navigation system. KITTI also
include benchmarks for 3D object detection and tracking to promote its usage (Geiger
et al., 2013). ApolloScape is a large AV dataset developed by Baidu, which consists of
over 140,000 video frames with point-wise semantic annotation for 28 classes in 3D.
The nuScenes dataset is the first dataset with a fully autonomous vehicle sensor suit,

including 6 cameras, 5 radars, and 1 LiDAR. It provides full surround sensor coverage
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consisting of 1,000 scenes, each 20 seconds long and fully annotated with 3D bounding
boxes for 23 classes, and 8 attributes. The Lyft dataset consist of 170,000 scenes, each
lasting 20 seconds. It provide extensive coverage for 3D perception tasks. The Waymo
dataset consist of 1,150 scenes spanning 20 seconds each, with over 12 million 3D
bounding box annotations on the LiDAR point cloud.

While these datasets have played a crucial role in advancing 3D object detection, they
all have significant limitations. That is, they were generated using data from a single
vehicle in different scenes, making them unsuitable for cooperative perception evaluation.
Moreover, most works in cooperative perception rely on synthetic datasets that simulate
multi-vehicle data by duplicating a single vehicle’s point cloud at different timestamps
to mimic multiple vehicles at the same timestamp. For instance, the authors (Q. Chen,
Ma, et al., 2019) adopted the KITTI dataset and practical vehicle-to-vehicle setting by
leveraging one vehicle’s data at different timestamps as multiple CAVs.

However, such synthetic scenes are unrealistic and introduce spatial and temporal
inconsistency. The shortage of cooperative driving datasets makes it difficult to bench-
mark comprehensively the cooperative perception algorithms. Efforts have been made to
develop datasets specifically tailored for cooperative perception in V2V and V2X commu-
nication scenarios. Based on their data sources, these datasets can be classified as either
simulation-based or real-world datasets.

Acquiring real-world V2V or V2X cooperative perception datasets poses significant
challenges due to high costs and labor demands. Consequently, most existing cooperative
perception datasets are generated using simulators, such as CARLA (Dosovitskiy et al.,
2017) and SUMO (Krajzewicz et al., 2012). In (Y. Li et al., 2022), the authors introduced
V2X-Sim, a synthetic, multi-agent, and collaborative perception dataset. Specifically,
it was designed to support AD research, focusing on V2X scenarios. The V2X-Sim is
a combination of CARLA and SUMO, where CARLA is in charge of driving scenarios
simulation and generates high-fidelity sensor data, and SUMO provides realistic traffic
flow. In which, CAVs and an RSU are equipped with a range of sensors, including RGB
cameras, LiDAR, GPS, and IMU, allowing multi-modality data collected in a 360-degree
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view. Each scene represents a multi-agent environment, where multiple vehicles and
an RSU collaboratively share and exchange perception data. The dataset comprises 100
scenes, totaling 10,000 frames. Each scene in V2X-Sim represents 20 seconds of traffic
flow data captured at a specific intersection. In (R. Mao et al., 2022), the DOLPHINS
dataset was introduced to address the lack of multi-view and multi-modality data by
offering a large-scale and diverse dataset designed for collaborative perception, enabling
more comprehensive testing and development of the AD algorithm. It encompasses
42,376 frames in total, with annotations for 292,549 objects featuring 3D bounding boxes,
geo-positions, and calibration information. Objects are classified into three difficulty
levels (easy, moderate, and hard) based on occlusion levels, allowing for diverse testing
conditions. Meanwhile, in (Xu, Xiang, Tu, et al., 2022), the authors introduced the V2XSet
dataset, which was generated using CARLA and OpenCDA (Xu et al., 2021) simulators.
This dataset captures 11,447 frames (or 33,081 samples when considering frames from
each agent) across a variety of scenarios. It includes 55 scenes representing different
driving situations, such as intersections, midblock, and ramps, to support comprehensive
evaluations of cooperative perception systems.

On the other hand, real-world sensors also encounter challenges like sensor drift,
signal interference, and wear over time, which simulators typically cannot replicate
accurately. Consequently, constructing datasets from real-world environments has gained
increasing attention in recent years. The DAIR-V2X (Yu et al., 2022) dataset was devel-
oped to address the limitations of real-world cooperative perception datasets, particularly
in the domain of Vehicle-Infrastructure cooperative AD. The dataset comprises data col-
lected from 28 intersections in Beijing. Each intersection is equipped with infrastructure
sensors, including 300-beam LiDAR and high-resolution RGB cameras, capturing a 100°
horizontal and 40° vertical FoV. The CAVs used in the dataset is equipped with 40-beam
LiDAR (providing 360° coverage) and RGB cameras with a resolution of 1920x1080. The
sensors capture data at 10 Hz for LiDAR and 20 — 25 Hz for cameras, ensuring temporal
alignment between frames. It consists of three parts: (i) DAIR-V2X-C (Cooperative data)

includes 39,000 LiDAR and camera frames from synchronized vehicle-infrastructure
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views, facilitating vehicle-roadside 3D object detection; (ii) DAIR-V2X-V (Vehicle-only
data) contains 22,000 frames, capturing diverse scenarios exclusively from the vehicle’s
perspective; and (iii) DAIR-V2X-I (Infrastructure-only data) comprises 10,000 frames,

focusing on scenarios exclusively from the infrastructure’s perspective.

2.3 Cooperative Model Training for Perception in
Networked Vehicular Systems

Generally, a centralized optimization scheme is employed to accelerate the model training
and upgrade process. In a conventional centralized learning process, all users’ data are
collected and transmitted to the cloud server, where it is partitioned and distributed
to nodes for parallel processing. This is often done within a cluster, which is a group of
interconnected computers that work together as a single system. The cluster provides
the necessary computing power and resources to handle the massive amounts of data
and complex computations involved in training perception networks. Additionally, DNN-
based models are usually trained in a cluster environment, which relies on a stable
network connection and ample bandwidth for efficient data transfer and communication
between nodes. However, in multi-agent cooperative training systems, IRSUs and CAVs
are generally connected via wireless vehicular networks, which often leads to network
instability and limited bandwidth. Moreover, CAVs must navigate in diverse and con-
stantly changing traffic environments that often include corner cases arising from the
infinite scenario spaces. As a result, perception models need to be continuously retrained
and updated whenever rare cases are encountered to further improve their accuracy
and generalization. To achieve efficient cooperative training among CAVs and IRSUs in
networked vehicular systems, several promising techniques are explored. Specifically,
we delve into federated learning, which enables collaborative model training without
centralizing data; knowledge distillation, which facilitates knowledge transfer from
powerful models to smaller, more efficient ones; and task offloading, which strategically

distributes computational burdens across the network.
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2.3.1 Federated Learning for CAVs

The model training for CAV perception typically followed a centralized scheme (S. Shi
et al., 2019, 2020), where training datasets were collected from all CAVs, the detection
model was trained in a cluster, and the trained model was subsequently deployed on
CAVs for inference. However, this scheme incured significant communication overhead
and raised concerns about potential information leakage. Since the collected datasets
were typically large in volume and often contained human-related privacy-sensitive
information. It is always unrealistic to collect all users’ data and send collected data
to the server. Moreover, not all users are willing to participate in the model training
process. To address these challenges, a distributed optimization paradigm known as
federated learning (McMahan et al., 2017) was proposed in 2017. In FL, each user trained
a local model with its own generated data, which remained private and was not shared
with others. To leverage knowledge from other users, the local model parameters were
periodically uploaded to a central server for aggregation, resulting in a global model. This
aggregated global model was broadcast to all users for further local updates (S. Wang,
Hong, et al., 2022). Through its training procedure, FL. demonstrated its ability to reduce
network load while safeguarding the privacy of local data. As such, FL emerged as a
promising solution for the networked vehicular systems to achieve cooperative model
training amongst CAVs and IRSUs.

By combining FL and edge computing, a widely adopted framework known as feder-
ated edge learning (FEEL) was proposed (G. Zhu et al., 2020). In FEEL, each end device
repeatedly transmitted its locally learned model to the edge server over a throughput-
limited uplink channel (Chellapandi et al., 2023). All end devices shared the same
wireless network for uploading their locally update models, enabling collaborative learn-
ing while optimizing network resources. As the number of end devices increases, the
limited bandwidth faces significant pressure, leading to communication bottlenecks.
Extensive research has been conducted to mitigate the communication overhead of dis-
tributed stochastic gradient descent (SGD) algorithms, taking into account both noiseless

and noisy network conditions. In terms of model training without considering wireless
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noise, approaches can be grouped into three categories: (i) large mini-batch size (Goyal
et al., 2017; B. Yang et al., 2018) and factorization (Guo et al., 2024; W. Jeong & Hwang,
2022) without loss accuracy of gradient descent. This category focuses on increasing the
efficiency of gradient descent by using larger mini-batches during training or by factoriz-
ing the model or data to reduce computational complexity; (ii) Gradient sparsification
(Alistarh et al., 2018; Beitollahi et al., 2022; X. Lin et al., 2023). This category aims to
reduce the communication overhead by transmitting only the most important gradients
during training. By selectively choosing and transmitting a subset of the gradients, these
techniques can save bandwidth and reduce training time; (iii) Quantization (Y. Mao
et al., 2022; Shlezinger et al., 2020). This category aims to reduce the number of bits
used to represent model parameters and gradients. By compressing the data in this way,
these methods can significantly reduce the communication overhead and accelerate the
training process. As FEEL relies on wireless networks, the quality of network connection
and wireless channel impairments also need to be considered. The authors (G. Zhu et al.,
2020) proposed a one-bit digital aggregation scheme for FEEL, integrating over-the-air
aggregation with one-bit gradient quantization to reduce communication overhead. They
also provided theoretical analytics of the effects of channel noise, fading, and estimation
error on convergence rate. In (M. Chen et al., 2020), the authors proposed a closed-form
expression for the convergence rate of FL considering the impact of wireless factors,
such as package error and resource limitations on FL. According to the expression, they
proposed a resource allocation and a user selection method to further minimize the FL
loss function.

The data distribution in each end device is generally non-independent and identically
distributed (non-IID) and often unbalanced, which can significantly slow down the con-
vergent rate or even prevent convergence when using traditional distributed machine
learning approaches. To overcome these statistical challenges in FL, the authors in (F.
Chen et al., 2018) introduced a novel framework, named FedMeta, which incorporated
meta-learning techniques into FL. This framework was designed to improve the learning

process under non-IID and unbalanced data conditions, enhancing the robustness and ef-
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fectiveness of FL models. In addition, in (Smith et al., 2017), the authors proposed a novel
framework, named MOCHA, for FL. This framework employed multi-task learning to
learn the data personalization at each node and used a shared representative to express
the global model. Furthermore, in (Zhao et al., 2018), the authors also explored the non-
IID data in FL. They investigated the discrepancy in weights between the global model
and each local model during each communication round to quantify this divergence, they
employed the Earth Mover’s Distance to measure the discrepancy between the overall
data distribution and the data distribution at each node. The results demonstrated that
training local models using a combination of shared data and locally generated data
significantly improved performance and alleviated the statistical challenges inherent in
FL settings. In addition, in (Zhuang et al., 2020), the authors proposed a new algorithm
to cope with the statistical heterogeneity in person re-identification. They leveraged
Cosine Distance Weight (CDW) to measure the changes in local models between each
communication round and dynamically allocated the aggregated weight in the global
aggregation phase.

Due to the inherent heterogeneity among devices in FEEL, such as computational
power, storage, and limited capacity of communication, it is not feasible to treat all
devices equally during model training. One way to mitigate this issue is to select devices
that have better network connections, higher computational powers, and more storage
capacity to participate in the training process, and avoid those devices with limited
resources from participating in the training process. In (Nishio & Yonetani, 2019), the
authors proposed a FedCS protocol, an FL approach designed for mobile edge computing
(MEC) systems. This protocol actively selected edge devices for participation in the
training process based on their resource conditions. By prioritizing devices with better
resources, FedCS achieved better acceleration in the training process compared to the
original FL protocol, while optimizing resource utilization.

In general, the effectiveness of the FL training scheme highly depends on resource
optimization and device scheduling during the pretraining, update, and aggregation

procedure of DNN. These aspects have been widely discussed in (M. Chen et al., 2021;
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Du et al., 2023; W. Wen et al., 2022). However, the conventional FL technologies are not
well-suited to tackle the unique challenges when deploying cooperative model training
among CAV and IRSUs perception systems. These challenges include the high mobility
of CAVs, limited bandwidth between CAVs and IRSUs, and the collaboration of all road
participants. Thus, optimizing and tailoring the FL scheme for the cooperative model
training among CAVs and IRSUs poses a significant challenge. Developing efficient FL
strategies to address complexities like CAVs’ data diversity, communication efficiency and
model convergence, is crucial for advancing the potential of FL in enhancing cooperative

perceptions for networked vehicular systems.

2.3.2 Knowledge Distillation among CAVs and IRSUs

In a networked vehicular system, CAVs leverage vehicle-to-infrastructure (V2I) commu-
nication that enables CAVs to work with IRSUs for collaborative analysis. It is often
assumed that learning models implemented on CAVs and IRSUs are well-trained and
that the collected dataset has been properly annotated. However, in the real world, it
is unrealistic to pre-train a detection model and expect it to obtain high accuracy for
all complicated scenarios (e.g., crossroads, T-junctions and roundabouts) due to the infi-
nite traffic scenario space. Thus, the detection model needs to be continuously updated
using newly collected data. Moreover, the raw data collected by CAVs and IRSUs lacks
annotation. Traditional methods for annotating raw data are manual, labour-intensive,
and non-trivial, which significantly slows down the process of updating detection models.
This creates a bottleneck in ensuring the effectiveness of models in dynamic and diverse
traffic environments.

To address this challenge, knowledge distillation (Hinton et al., 2015) was originally
proposed to transfer the generalization ability of a cumbersome model to a small model.
It was organized in a teacher-student architecture, where the large model (acted as the
“teacher”) transferred knowledge into the small model (acted as the “student”). Recent
knowledge distillation methods have been extended to mutual learning (C. Wu et al.,

2022), assistant teaching (Mirzadeh et al., 2020), self-learning (Vu et al., 2021) and
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Co-Distillation (Y. Liu et al., 2022). However, knowledge distillation required common
training samples to be observed by both the student and teacher models (Seo et al., 2020).
Consequently, all models must share the same samples during each loss computation.
This required data exchanges among all workers, which might violate local data privacy.
In this regard, federated distillation (FD) (E. Jeong et al., 2018) was proposed to eliminate
the dependency on common data observations by grouping data according to labels.
The FD follows an online version of knowledge distillation and each device in the FD
stores per-label mean logit vectors and uploads these local average logits to a server
periodically. For each label, the uploaded local average logits are averaged into a global
average logit per label which is then broadcast to each device to calculate the distillation
regularizer. Since FD involves transmitting logit vectors instead of gradient updates
or model parameters, it requires less communication payload. However, this make it
more vulnerable to the non-IID data issues. To mitigate this, the authors (Itahara et al.,
2021) constructed a common sub-dataset that could be accessed by all devices to avoid
coarse sampling in the original FD. Besides, in Mix2FLD (Seo et al., 2020), the authors
uploaded local model output as in FD and downloaded model parameters as in FL to
cope with uplink-downlink channel asymmetry.

Most FD-related works focus on 2D visual tasks, but for cooperative perception in 3D
object detection, it is highly desirable to leverage the knowledge from both IRSUs and

individual CAVs for online label generation.

2.3.3 Task Offloading for Wireless CAV Systems

With the rapid deployment of roadside infrastructure and smart vehicles, various types
of AD-related applications arise. Many of these applications, such as object detection
and motion planning, are delay-sensitive and have a stringent demand for computation
power, which imposes a burden on CAVs. Despite the abundant resources, the cloud
server is not suitable for delay-sensitive applications due to the long distance between
the cloud and CAVs. Moreover, the large amount of data generated by those applications

will impose a burden on the network bandwidth (L. Liu et al., 2021). One main advantage
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of CAVs and IRSUs in ITS is that CAVs are encouraged to leverage resources of their
nearby devices including other CAVs and roadside infrastructures by task offloading.
Extensive research has been conducted to explore offloading computation-intensive
tasks of CAVs to the edge server to reduce the computation overhead of CAVs. In (Y.
Liu et al., 2018), the authors explored the problem of offloading computing tasks from
multi-vehicles to an edge server based on a game theory. They formulated the task
offloading decision-making as a game, analyzed the interaction among all vehicles, and
proposed a distributed incentive algorithm to optimally select suitable channels and
make the decision to decrease computation overhead. The authors (Du et al., 2018)
extended prior work by taking into account the profits of both the vehicle and the
edge server. They proposed a dual-side cost minimization framework for computation
offloading and resource allocation in vehicular networks. Instead of only considering
single-edge servers, the authors (Tareq et al., 2018) proposed a highly reliable and low
latency V2I communication architecture to jointly optimize the association of vehicles

with small-base-stations (SBSs) and the allocation of wireless resources.

2.4 Cooperative Model Inference for Perception in
Networked Vehicular Systems

Cooperative inference has emerged as a promising approach to overcoming the inherent
limitations of the individual AV in understanding their environment. As the individual
AV detect surrounding objects only by their onboard sensors, they can only perceive the
driving environment from a single point of view and have limited capability of perception.
Consequently, they always suffer from some inherent limitations (Arnold et al., 2020).
For instance, some moving objects are always heavily occluded by other static or dynamic
objects, while far-away objects always reflect low-point density. Cooperative inference
has emerged as a promising approach to overcoming the inherent limitations of the
individual AV in understanding their environment.

In CAV systems, wireless networks provide possibilities for sharing perceived data
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among CAVs and IRSUs. Specifically, CAVs in proximity share their detected information
and fuse received data to cooperatively perceive the driving environment, enlarging

sensing ranges and improving sensing accuracy.

2.4.1 Fusion Schemes for Cooperative Inference

An important aspect of cooperative inference (i.e., cooperative perception) in CAV systems
is determining how to effectively fuse shared information from other participants to
enhance overall perception performance. To address this challenge, various approaches
have been proposed in the literature. According to the type of shared data, current
cooperative inference methods fall into three categories: (i) raw-data-level fusion scheme,
(1) feature-level fusion scheme, and (iii) object-level fusion scheme, which will be

explained in the following sub-sections.

2.4.1.1 Raw-data-level Fusion

With the raw-data-level fusion scheme, CAVs share raw sensor data, which tends to yield
high accuracy. For example, the authors (Q. Chen, Tang, et al., 2019) proposed a data
fusion scheme, named Cooper, for 3D point clouds and conducted a study on raw-data-
level cooperative inference for enhancing detection ability. They also introduced a sparse
point cloud object detection (SPOD) method to overcome the sparsity of point clouds.
This method focused on extracting only positional coordinates and reflection values of
point clouds, effectively compressing the data into acceptable sizes for transmission.
Additionally, to achieve data reconstruction, the system encapsulates additional GPS
and IMU readings into the exchange packages, helping merge the received data into the
physical position of each vehicle. Similarly, in (Arnold et al., 2020), the authors proposed
a central system to fuse point cloud data from multiple infrastructure sensors. In the
central fusion system, each respective point cloud data was concatenated into a single
point cloud which was then fed to the 3D object detection model. The detected results

were then disseminated to vehicles in the systems.
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2.4.1.2 Object-level Fusion

The object-level fusion scheme has gained attention due to the high communication
overhead and computational cost associated with transmitting and merging raw point
cloud data in the previous scheme. Instead of sharing raw data, this scheme focuses on
transmitting processed perception results to reduce communication costs and eliminate
data merging complexities. For instance, in (Ambrosin et al., 2019), the authors proposed
a two-layer architecture for object detection and tracking. In the system, dynamic obstacle
information was shared via V2V messages among vehicles, and the information matrix
fusion (IMF) algorithm was then adopted to fuse the received information. Similarly,
in (Arnold et al., 2020), the authors proposed an object-level cooperative perception
model by sharing the outputs of the locally trained 3D object detection models. In the
system, the point cloud was firstly pre-processed and then fed into the detection model of
each CAYV, and the output (a list of objects represented by 3D bounding boxes) was then
transmitted to the central fusion system, in which non-maximum suppression (NMS)
was used to mitigate the detection noise of sensors to generate the final object list. The

bounding box list was finally broadcast to all vehicles for the next actions.

2.4.1.3 Intermediate-level Fusion

The Intermediate-level fusion scheme tends to share feature maps or intermediate repre-
sentations from perception models of individual vehicles to achieve cooperative inference.
As the intermediate representation tends to have a smaller size than raw data and con-
tains valuable features of scene context, sharing the intermediate representation could
not only reduce bandwidth requirement but also keep high performance. For instance,
in (T.-H. Wang et al., 2020), the authors proposed a V2VNet to achieve cooperative
inference and motion prediction by incorporating V2V communication. In the system,
CAVs share their compressed intermediate representations with the ego vehicle. Then,
a spatially aware graph neural network (GNN) is utilized to aggregate and combine
the information received from all nearby vehicles. Finally, an output network is applied

to compute the final perception and prediction results. Besides, to cope with limited
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bandwidth and stringent real-time constrain of CAV issues, authors in (Q. Chen, Ma,
et al., 2019) proposed a fusion method, named F-Cooper, to achieve high and real-time
object detection precision. In F-Copper, different levels of features of other CAVs were
shared with the ego vehicle (i.e., the CAV making decisions based its on-board sensors
and information received from other cooperative participants, such as other CAVs or
IRSUs) to achieve cooperative detection, as feature-based data was sufficient for the
training process, and the intrinsic small size of feature data could also benefit real-time
edge computing. The F-Cooper integrated edge computing and CAV to analyse efficiently
massive amounts of data in real-time under limited network bandwidth. It also pro-
posed two feature fusion paradigms: voxel feature fusion and spatial feature fusion. In
voxel feature fusion, point cloud data was first processed in each vehicle by the voxel
feature encoding layer to get voxel features. Each vehicle’s voxel features were then
transmitted to the edge server to do voxel feature fusion. A sparse convolutional layer
was applied subsequently to generate the spatial features. A region proposal network
was finally used to output detection results. In spatial feature fusion, spatial features
were first obtained locally on each vehicle. The spatial features were then transmitted to
the edge server to do spatial feature fusion. The fusion result was then fed into region
proposal network and detection headers to get the detected results. To further reduce
communication overhead, in (Y.-C. Liu, Tian, Ma, et al., 2020), the authors proposed
Who2com, a learnable handshake communication mechanism that enabled CAVs to
selectively communicate based on relevance scores. By establishing connections solely
with agents that provided valuable perceptual data, this method effectively reduced
bandwidth usage while maintaining efficient and meaningful communication within the
system. In contrast to these feature-based approaches, in (Hu et al., 2022), a spatial
confidence map was proposed to identify perceptually critical regions, allowing CAVs to
communicate only in areas with high spatial importance. The fusion scheme employed
confidence-aware multi-head attention to prioritize spatially critical regions for feature
sharing, enhancing detection while conserving bandwidth. To address localization er-

rors caused by dynamic environments, V2X-ViT (Xu, Xiang, Tu, et al., 2022) utilized

31



CHAPTER 2. LITERATURE REVIEW

a transformer-based architecture, combining heterogeneous multi-agent self-attention
(HMSA) and multi-scale window attention (MSwin). HMSA facilitated the fusion of data
from vehicles and infrastructure, while MSwin handled localization errors by applying

attention across different spatial scales.

2.4.1.4 Summary of Fusion Schemes

To summarize, all cooperative data fusion paradigms can extend the FoV of a single AV
and the accuracy of detected results. In raw-data-level fusion, it can most effectively
exploit complementary information obtained from raw sensor observation. However,
sharing all collected raw point clouds seems to be impractical due to the limitation of
bandwidth and latency of networks. Also, the reconstruction of received data is not trivial,
as it is taken from different positions and angles. Object-level fusion schemes are less
complex and straightforward and require less bandwidth. However, the detected results
from other CAVs are hard to authenticate and trust issues further complicate this matter
(Q. Chen, Ma, et al., 2019). In addition, this approach only works when both vehicles
share a reference object in their detection. This does not resolve the issue of previously
undetected objects as they will remain undetected even after fusion. Intermediate data
fusion is sufficient for the training process, and the small size of feature-based data
makes it more efficient to achieve real-time edge computing without considering the risk
of congesting the network. However, most of these works aim to optimize the trade-offs
between bandwidth utilization and detection accuracy under the assumption of ideal
communications and they ignores the realistic V2V communication caused distortions

during the cooperative inference process.

2.4.2 Cooperative inference with IRSUs assistant

Different from V2V communication, which only involves CAVs collaborating with each
other, roadside infrastructures offer unique advantages due to their static nature. Being
stationary, they can provide continuous observation and perform long-term reasoning in

complex traffic flow areas such as intersections, roundabouts, and T-junctions. Addition-
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ally, roadside infrastructures allow for flexible sensor deployment and always leverage
the power grid to support operation, which means they have more computing and com-
munication capabilities than CAVs. Furthermore, roadside sensors play a fundamental
role in overcoming the occlusion problem. With absolute ego-position, broader FoV, and
highly optimized hardware units, roadside sensors can generate accurate detections and
transfer their knowledge to CAVs. As shown in Table 2.1, CAVs and IRSUs offer distinct
yet complementary capabilities across spatial, temporal, hardware, and software do-
mains. This synergy, particularly with IRSUs providing a wider, continuous perspective,
is crucial for overcoming the limitations of individual AVs and enabling comprehensive

environment perception.

Domain Sub-Domain CAVs IRSUs
Sensing Range | Local, short-range, Global multi-spot,
Spatial dense sensor deployment | long-range, flexible de-
ployment
FoV 90° - 120° 360° multiple views
with cross coverage
Blind Areas Static and dynamic Multi-sensor overlap
blind areas eliminates blind areas
Temporal Time Range Dynamic and real-time Static, continuous obser-
perception, decision, con- | vation,
trol long-term reasoning
Data Acquisition | On-board sensors Sensors, traffic lights,
Hardware traffic control systems
Communication | Cellular network NR-V2X and wired net-
work
Power On-board battery Power grid
Software Algorithms Object detection, segmen- | Cooperation (cooperative
tation, perception,
planning decision-making)

Table 2.1: Comparisons between CAV and IRSU

Combining CAVs and roadside infrastructure such as IRSUs to advance road safety

and efficiency has become an active research topic in recent years (Tihanyi et al., 2021).
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In (Krammer et al., 2019), the authors proposed an ITS system, named Providentia,
which was an intelligent infrastructure system that consisted of several gantries bridges
with cameras and radars to provide additional information for vehicles to extend their
perception range and help vehicles perceive blind spots. In “Providential”, the roadside
infrastructure acted as an edge computing node and oversaw the creation of a digital
twin of the highway to detect all vehicles in the sensing areas. Data connected by radars
and cameras were processed and fused before being shared with consumer vehicles via
5@G. Similarly, in (Gabb et al., 2019), the authors applied mobile edge computing (MEC) to
structure their system, in which they have shown a hybrid vehicular perception system.
On the roadside, a central communication node, named the MEC server, was connected
to a base station to process and fuse multi-model data collected from sensors attached
to roadside infrastructures. The processed results were then distributed to intelligent
vehicles close by to improve their perception capabilities. The University of Tokyo also
contributed to this field by releasing an open-source project, AutoC2X (Tsukada et al.,
2020), for cooperative perception between CAVs and roadside infrastructures. AutoC2X
combined robot operating system (ROS)-based Autoware and OpenC2X to construct an
infrastructure-based cooperative perception system. In their system, several roadside
perception units (RSPUs) were connected via a wired network, and RSPUs shared their
object information with nearby vehicles through V2X communication. Further advancing
the concept of cooperative perception, the authors of (L. Wang et al., 2020) exploited the
concept of digital twin and advanced driver assistance system (ADAS) to build a vehicle-
to-cloud-based ADAS use case. In their system, intelligent vehicles were connected to the
cloud server via vehicle-to-cloud (V2C) communication to upload perceived data to the
cloud server. At the cloud server end, shared data were used to create a virtual world and
sent back to connected vehicles to help better understand surrounding environments.
In another notable effort, researchers from the University of Sydney demonstrated a
cooperative perception system for ITS in (Shan et al., 2020). In their system, sensor-less
vehicles were connected to well-equipped IRSUs and communicated with each other

with messages that obeyed European Telecommunications Standard Institute (ETSI)

34



CHAPTER 2. LITERATURE REVIEW

Collective Perception Messages (CPMs) standards. Their experiments demonstrated that
CAVs with fewer sensors could observe vulnerable road users through the assistance of
IRSUs.

Despite these advancements, the strategies of roadside sensor deployment in the real
world are still challenging. The amount, locations, and orientation of sensors would affect
the coverage of traffic areas and the overall cost of the system. There are two groups of
sensor deployment strategies: 2D design (Senouci & Lehtihet, 2018) and 3D design (Saad
et al., 2020). A significant portion of existing literature focuses on 2D sensor deployment
strategies, as deploying sensors in 2D environments is generally simpler compared to
3D deployment. However, due to the widely use of 3D sensors like LiDAR in recent
years, 3D sensor deployment has recently attracted increasing attention. Besides, 3D
sensor deployments cannot be solved by simply extending or generalizing 2D methods,
so new deployment approaches must be developed for 3D lidar sensor deployment.
All the aforementioned work in the literature focused on the dissemination of IRSUs
information to CAVs to help CAVs enlarge CAVs sensing range and alleviate occlusion
problems. However, these works largely overlooked leveraging the full potential
of IRSUs’ resources to facilitate a collaborative learning process, particularly
for applications like object detection. Utilizing IRSUs for collaborative learning
could fundamentally enhance the performance of detection models, enabling more robust

and accurate perception in complex traffic environments.

2.4.3 Cooperative inference with V2V communication

Cooperative perception with V2V communication involves information exchange among
CAVs via wireless channels. Thus, factors like latency, bandwidth, and channel distortion
must to be taken into account to maintain reliable and effective perception.

To address the challenges posed by latency, in SyncNet (Lei et al., 2022), a latency-
aware collaborative perception system was proposed to actively synchronize the percep-
tual features shared by multiple CAVs. The system incorporated a feature attention

synbiotic estimation component, leveraging a dual-branch pyramid LSTM network to
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mitigate cascading estimation errors. Additionally, a time modulation mechanism was
designed to attentively merge real-time and estimate features based on latency duration.
This mechanism ensured that the estimation adapted according to the communication
delay, and balanced the weight between real-time and historical data. To alleviate the
communication overhead for cooperative perception with V2V communication, FPV-
RCNN (Yuan et al., 2022) introduced a keypoints-based deep feature fusion framework
using Furthest Point Sampling (FPS) to select keypoints and a Voxel Set Abstraction
(VSA) module to aggregate multi-scale features around these keypoints. To further
reduce the transmitted data volume, only features within the bounding box proposals
were selected for sharing. In contrast to feature-based sharing approaches, where2comm
(Hu et al., 2022), introduced a spatial confidence map to optimize bandwidth usage by
identifying perceptually critical regions. This method allowed CAVs to communicate
only in regions of high spatial importance, avoiding the transmission of irrelevant in-
formation. By employing confidence-aware multi-head attention, the system prioritized
these critical regions, achieving a better trade-off between perception performance and
communication efficiency. To enhance robustness against adversarial attacks and commu-
nication noise, ROBOSAC (Y. Li, Fang, et al., 2023) took a different approach by focusing
on a defense mechanism. Unlike traditional methods that depend on prior knowledge
of attack patterns, ROBOSAC employed an attacker-agnostic, sampling-based defense
mechanism. This innovative approach ensured reliable cooperative perception even un-
der unpredictable and hostile conditions, demonstrating its effectiveness in safeguarding
perception systems.

While most research efforts concentrate on reducing bandwidth usage and communi-
cation delay under idealized information exchange assumptions, only a few studies have
explored realistic V2V communication. For instance, authors of (C. Liu et al., 2023) incor-
porated a learning-based communication channel to account for Rician fading and path
loss in cooperative perception. Unlike traditional approaches that rely on fixed channel
models, this method adaptively modeled wireless communication dynamics, enabling

more accurate cooperative perception under varying channel conditions. Building on this,
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authors of (C. Liu et al., 2024) developed a self-supervised adaptive weighting model de-
signed to mitigate the adverse effects of channel distortion in scenarios involving Rician
fading and imperfect channel state information. To further addressing the challenges,
in (J. Li, Xu, et al., 2023), a Lossy Communication-aware Repair Network and a V2V
Attention Module is developed to improve the resilience of V2V cooperative perception
systems under non-ideal communication conditions.

In the context of real-world CAVs’ cooperative perception with V2V communication,
it is imperative to acknowledge that CAVs exhibit non-stationary behavior and possess
time-variant statistical properties under complex traffic conditions. Specifically, para-
meters such as velocity, acceleration, inter-vehicle spacing, location, and orientation
are subject to continuous change. These dynamic attributes of CAVs exert a significant
influence on the V2V communication channels, attributable to the mobile nature of the
transmitters and receivers integrated into the vehicles. However, most of these works
rely solely on free-space or long-distance path loss assumptions, which fail to capture
the dynamic characteristics of vehicular communication channels. Additionally, V2V
communication models are prone to various factors that can impair the shared data,
such as Doppler shifts (Zhao & Haggman, 2001) from moving CAVs, multi-path effects
(Dahech et al., 2017) from static or dynamic objects, and changes in topology (Schwartz &
Stern, 1980) due to routing failures. As a result, the communication channels experience
rapid fluctuations, necessitating careful consideration in the modeling and analysis of
V2V communication systems. Therefore, identifying effective methods to counteract
performance degradation due to channel distortion remains a critical challenge.

Diffusion models have received unprecedented success in artificial intelligence gen-
erated content (AIGC), such as image super-resolution (Saharia et al., 2022), image
recovery (Xia et al., 2023), audio enhancement (Lu et al., 2022), and speech synthesis
(Kang et al., 2023). There are also some works applying the diffusion models to wireless
communications, where the diffusion model acts as a generative model to simulate the
wireless communication channel by progressively adding noise to data samples (the

forward diffusion process) and then learning to reverse this noise (the denoising process).
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In (T. Wu et al., 2024), a channel denoise diffusion model was devised to mitigate the
noise in wireless semantic communication, specifically in the context of wireless image
transmission over the additive white Gaussian noise (AWGN) and Rayleigh fading. In
(Choukroun & Wolf, 2022), the authors proposed a Denoising Diffusion Error Correction
Code (DDECC) where the diffusion model was adopted to provide a reliable error cor-
rection for wireless communication over noisy channels. The reverse process decoded
and recovered the codeword conditioned on the number of parity check errors to provide
information about the noise level. In (M. Kim et al., 2023), denoising diffusion probabilis-
tic models (DDPM) were employed to generate channels to simulate real-world wireless
channels. The diffusion model enhanced wireless systems by accurately modelling chan-
nel conditions and denoising transmitted data, achieving a symbol error rate (SER) close
to the channel-aware framework. Moreover, in semantic communications, (Grassucci
et al., 2023) proposed a novel generative diffusion-guided framework for a noise-resilient
semantic communication system capable of synthesizing high-quality images while
preserving semantic content under wireless conditions. In (J. Chen et al., 2024), the
CommlIN was devised that combined Ivertible neural networks (INN) with diffusion
models to redefine joint source-channel coding (JSCC) for wireless image transmission,
enhancing the semantic and perceptual fidelity of image in noisy wireless communication
settings. A diffusion model-based generative audio semantic communication framework
was proposed in (Grassucci et al., 2024), which using latent representations and se-
mantic guidance to restore both corrupted and missing parts of the audio, achieving
a semantically accurate audio reconstruction that was robust to transmission noise
and data loss. However, existing research on diffusion model-based methods in wireless
communication primarily focused on utilizing diffusion models as decoders to generate
images or audio, while overlooking their potential ability for denoising and enhancing the
quality of received signal. Moreover, these diffusion model-based methods were tailored
to particular channel conditions (e.g., AWGN and Rayleigh fading), which could make
it less adaptable to dynamic or multi-path channels without retraining or additional

tuning. For instance, in practical V2V communication scenarios, obtaining precise chan-
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nel state information (CSI) can be challenging, especially considering the high-mobility
nature of CAVs in wireless traffic scenarios where channel estimation errors are fre-
quent. Inaccurate CSI can adversely affect the model’s denoising capability and degrade
the quality of the resulting transmissions. Furthermore, deploying diffusion models in
diverse real-world V2V scenarios often require model reconfiguration or adjustments
to accommodate specific channel characteristics. This requirement can complicate both
deployment and maintenance, reducing scalability. While diffusion models demonstrate
robustness in moderate noise conditions, they may struggle in high-noise environments
where signal degradation is severe. The iterative nature of diffusion could amplify certain

noise patterns or introduce artifacts, impacting model stability and performance.

2.5 Research Gap

Through the reviews of the existing literature, the following research gaps are identified.

1. Lack of Efficient approaches of roadside sensors deployment for road-
assisted cooperative training of perception models.

To achieve effective road-assisted cooperative training, the position of sensors should
be carefully designed. Existing literature on 2D sensor deployment cannot be efficiently
extended to 3D sensor deployment, as they have different sensor data structures. In
addition, 3D sensor deployments in literature only focuses on maximizing the coverage
of the traffic areas or maximizing the visibility of detected objects. Apart from providing
additional sensing information for CAVs, roadside sensors also aim to assist CAVs in
conducting the learning process and update the pretrained models. In 3D object detec-
tion, the pose of roadside sensors also determines the geometric features of detected
objects due to the reflected point clouds on the different parts of the object’s surface,
which further leads to different learning knowledge extracted from point clouds. To
this end, conventional roadside sensor deployment strategies only consider the sensing
requirement for perceptions while ignoring the learning requirement that assists CAVs

in learning roadside knowledge for model refinements. It is highly desirable to lever-
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age IRSUs and prioritize knowledge sharing among CAVs and IRSUs when designing

roadside sensors placements in cooperative training schemes.

2. An Efficient road-assisted cooperative training scheme among CAVs and
IRSUs to update pre-trained models and gain the models’ generalization when
CAVs encounter out-of-distribution data in open traffic scenarios. Existing works
on training perception models often adopt centralized approaches, where the DNN-based
models only train one time and deploy on CAVs for inference. However, those pretrained
models may not generalize well enough. There are two reasons for the poor generalisabil-
ity: 1) sensing uncertainty, the sensing data at each CAV may be sparse, noisy, or missing
due to the limitation of hardware and environmental complexity such as occlusion or
long distance; 2) parameter uncertainty, the downloaded model may be compressed
or pruned due to the limited computing, communication, and resources at CAVs. To
overcome both uncertainty problems, a direct approach is to collect large-scale datasets
and adopt a perfectly optimized model. However, this would not only cause unbearable
communication overhead but also require high-cost labor for accurate annotation. A more
promising solution for addressing sensing and parameter uncertainties is to leverage
newly collected data from CAVs and IRSUs in combination with a FL. scheme. This ap-
proach is particularly effective when CAVs encounter out-of-distribution (OOD) data in
open traffic scenarios, as it enables the detection models to be fine-tuned collaboratively
and dynamically, ensuring improved adaptability and accuracy in diverse real-world
environments. However, in vanilla FL approaches, manual data annotation is available,
and those approaches are always based on supervised learning. Thus, the vanilla FL
approaches become ineffective for FL for CAVs in the AD context, where annotating
large-scale, real-time data is impractical. It is urgent to find an efficient road-assisted
FL scheme for AD context to tackle the cooperative model training with newly collected

unlabeled data.

3. Lack of practical V2X communication analysis for CAVs-IRSUs collaboration
in the network vehicular system.

Existing research on cooperative training and inference either under the assumption
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of ideal channel conditions or under a simple V2V communication model that only
considers CAV distance-related large-scaling fading (LSF) factors, which is not practical
in real-world networked vehicular systems. Realistic V2V communication among CAVs
also needs to consider time-variant parameters, including CAVs’ velocity, acceleration,
trajectory, and time-variant distances, which makes them not practical in real-world
traffic scenarios. It is urgent to develop realistic V2V communication channel models
that capture the uncertainty and stochastic variability of real-world V2V communication.
This will enable accurate analysis of communication-induced impairments for both

cooperative model training and inference.

4. Lack of robust cooperative learning scheme for the domain specific FLCAV
with V2V communications.

In domain-specific FL. among CAVs and IRSUs, each CAV uploads its local model to
the IRSUs. However, transmitting these high-dimensional perception models creates
significant communication overhead, especially given the heterogeneous network condi-
tions and varying on-board resources of CAVs. This results in substantial communication
latency. Existing works of cooperative training primarily focus on simple simulated
tasks, such as image classifications and digital recognitions. There is an urgent need
to investigate communication protocol optimization techniques that minimize commu-
nication delay and resource consumption, thereby accelerating convergence speed for

domain-specific FLCAVs.

5. Lack of robust methods to mitigate channel impairment for cooperative
inference with V2V communication.

For cooperative inference, CAVs can share their sensing information through V2V
communication channels and fuse the received messages, allowing the ego vehicle to
utilize this collective knowledge to improve the performance of inference. A significant
area of ongoing research focuses on designing fusion methods to enhance perception
accuracy or developing communication-efficient algorithms to reduce bandwidth usage,
often under the assumption of ideal channel conditions. However, these studies have not

thoroughly explored communication channel models to investigate the effects of channel
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impairments. It is crucial to thoroughly investigate channel impairments in cooperative
inference under realistic V2V communication models and develop robust methods to

mitigate their negative impacts.
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CHAPTER

ROAD ASSISTED COOPERATIVE MODEL TRAINING FOR

PERCEPTION

3.1 Introduction

This chapter focuses on the design of a system to achieve efficient road-assisted coop-
erative training for percetion among CAVs and IRSUs. The objective is to enhance the
DNN-based perception model when encountering OOD data in open driving scenarios.
Detecting OOD data in open driving scenarios holds significant importance for AD
since OOD data encapsulates rare cases in driving scenarios and contributes to the
enhancement of model generalization. Federated Learning in AD (FLAD), which updates
DNNs in a distributed manner whenever OOD data is encountered, is an effective
solution to enhance and robustify DNNs against OOD data. However, in contrast to
existing FL applications (e.g., image classification (M. Chen et al., 2021)) where manual
data annotation is available, FL between CAVs and IRSUs often needs to operate on
newly collected, unlabeled data samples, due to their high-privacy and high mobility
nature. Consequently, the vanilla FL approaches (Q. Wu et al., 2020) based on supervised

learning become ineffective. Several studies have explored FL for AD (as illustrated in
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Table 3.1). To address the above problem and reduce labor cost for manual annotation
for the newly collected data, emerging FL approaches proposed model average (e.g.,
ensemble moving average (EMA)) (T. Kim et al., 2024) and logit average (e.g., ensemble
attention distillation (EAD)) (Gong et al., 2021) to generate pseudo labels. However, these
works fail to exploit the geometric relationship among different data frames. To this end,
multi-view fusion distillation (MVFD) has been proposed for generating pseudo labels,
e.g., feature-level MVFD (Zheng et al., 2023), and box-level MVFD (Z. Zhang et al., 2021).
Nonetheless, leveraging consensus between CAVs could potentially lead to higher bias.

Besides, when IRSUs operate within the cooperative training loop, the performance
of FL is highly dependent on the associated road sensor placements. Most existing sensor
placement approaches follow the road topology (i.e., topology-based approaches) (Arnold
et al., 2020; Cai et al., 2023) or maximize the sensing coverage (Gonzalez-Barbosa
et al., 2009) (i.e., coverage-based approaches). While these methods are effective for
traffic flow monitoring in the ITS system, they are inefficient for the road-assisted
cooperative learning process as they ignore the specific learning requirements of FL
process. Specifically, road assisted FL needs to integrate road annotation/placement and
FL features for joint optimization, for which the existing MVFD FL algorithm become
inefficient, as they ignore the inter-dependency between low-level road designs and the
high-level FL requirement. There are also multi-view fusion methods and IRSUs sensor
placement strategies developed for non-FL scenarios. While these methods are effective
for traffic flow monitoring, they are inefficient for RSFL as they ignore the requriement
of FL services.

To address these problems, in this chapter, we propose a road supervised FL (RSFL)
framework, categorized under the MVFD-type solution, to overcome the bias issue by
introducing IRSUs. In addition, to satisfy the new requirement of RSFL, we propose a
bug-aware road labeling (BARL) algorithm that leverage roadside knowledge to generate
pseudo labels (automatically generated by the BARL algorithm) for correcting false
positives (i.e., the model predict an object, but there is no ground truth object at that

location), false negatives (i.e., there is a ground truth object, but the model fails to
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w/o . Road
Type | Reference| Method | FL | Fun |Mvrp | Bead | Labeling | b, | Placement
Labeling Rule Rule
Label ment
(Posner
et al., 2021) FedAvg v X X X manual X X
(Papernot model-
2D et al., 2022) PATE X v X X fusion X X
(T. Kim model-
et al., 2024) EMA v v X X fusion X X
(GO;I ngit) al., EAD v v X X logits-fusion X X
(Gonzalez-
Barbosa |CameraPlace| X X X X manual v max. coverage
et al., 2009)
(S. Wang,
Hong, et al,,| EdgeFL v X X X manual X X
2022)
(J. Yang feature-
D
3 et al., 2022) ST3D++ X v X X fusion x X
(Zheng feature-
et al., 2023) AutoFed v v v X fusion X X
(Z. Zhang .
et al., 2021) EDFL v v v X box-fusion X X
(Arnold
et al., 2020; tonology-
Caietal.,, | LiDARPlace | X X X X manual v pology
.. based
2023; Vijay
et al., 2021)
point-box | max.
Ours RSFL v v v v . v information
fusion gain

Table 3.1: Comparison of federated learning methods for autonomous driving.

predict it), and inaccurate bounding boxes produced by local models running on CAVs.
Specifically, these pseudo labels are generated by aggregating information from multiple
IRSUs and CAVs, which provide a broader and more accurate contextual understanding
of the environment. They serve as corrective signals, enabling the system to adjust and
refine erroneous predictions made by individual CAVs, which are limited by their own
sensor perspectives and occlusions. Unlike conventional manual labeling methods that
require time-consuming human annotations, pseudo labeling allows CAVs to continuously
adapt to new and unseen scenarios in real time, without waiting for external annotation
processes. To gain insights into RSFL with BARL, We derive the information gain
of annotating objects with a road sensor, with respect to its placement location, by
leveraging the expected entropy reduction. As such, the problem of maximizing the
information gain under road placement constraints is formulated, and a bug-aware
sensor placement (BASP) algorithm is proposed based on integer programming. It is

shown that BASP is equivalent to optimizing a surrogate function that approximates the
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total information gain in Bayesian optimization. The main contributions are summarized

below:

* Propose and verify an RSFL framework with BARL for AD with high-fidelity

experiments, and derive the information gain brought by road supervision.

* Derive a bug-aware sensor placement (BASP) algorithm based on integer program-

ming and verify its superiority.

* Prove that BASP is equivalent to optimizing an approximate function of the total

information gain.

3.2 RSFL System Model

We consider a FLAD system with K CAVs. The LiDAR data at the 2-th CAV (k €{1,...,K})
at the ¢-th (¢ € {1,...,T}) LiDAR time frame, is denoted as V2, = {de,l,de,g, ---}, where
de,t € RP#*3 is the vector concatenating the coordinates of all points, with D, being
the number of points in each cloud. The DNN parameter vector at the k-th vehicle is
w;, € RW*1 with W), being the dimension of each DNN. The k-th DNN maps de,t into a

set of bounding boxes
[1] [2]
YBhi={ b, it | 3.1)

where ngfg represents the n-th object at the ¢-th LiDAR frame in the k-th vehicle

coordinate system, and its label format is given by
b=lc,x,y,2,L,w,h,01, (3.2)

where c is the category, (x,y,z) is the center position, (I,w,h) is the tuple of length,
width, and height, and 6 denotes the yaw rotation, respectively. DNN inference at the
k-th vehicle can be written as V%k,t = V<I>k(de,t|wk), where Y®,, represents the DNN
inference function.

The goal of AD perception is to make V,%’k,t an accurate structured representation of

de,t. However, V%k’t cannot match de,t if there exist OOD points in de,t. Consequently,
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we need the FLAD procedure for fine-tuning wy, in a distributed manner. Specifically, the
FLAD aims to acquire a global DNN with parameter vector g, by solving the following

loss minimization problem:

1
. v V. ©
min =y |V@0|Z > O(g; "drs, Bp,s)
WB LrU LRk (vay, VB, eV,
:=/‘\r(g)
s.t. wi=---=wg=g, (3.3)

where V@Z’t is the set of pseudo labels obtained from a teacher model ®!, O(g; de,t, V@Z,t)
is the loss function corresponding to a single sample (de,t,vﬁz,t) (1=st< IV@ZI) in
V@Z = {(de,t,V,%’Z’t)}t with respect to parameter vector g, and A(g) denotes the global
loss function to be minimized.

Now let g% denote the pre-trained DNN at the cloud, and let WE:](O) denote the local
DNN parameters at AV & at the beginning of the i-th iteration (i = 0 and wg](O) = glth,
The FL training of model parameters (i.e., solving Eq. (3.3)) is a distributed and iterative

procedure, where each iteration involves the following two steps:

1) The k-th vehicle first minimizes the loss function via the gradient descent ap-

proach? as

. . 8
wil(r +1) = wil(r) -

V <
"Dl va,, v, pevar

vow, (1), dy,, %, ), (3.4)

where ¢ is the step-size, 0 <7 < E — 1 (E is the number of local updates) and VO
denotes the gradient of ©.

2) All CAVs upload {wg](E )IVE} to the server, which computes an average model

i L&
s (E 3.5
g Kkﬂwk( ), (3.5)

and then broadcast to the CAVs for next-round updates.

IThe set of ground truth labels is denoted as V%Z)t.
21f |9, | is large, stochastic gradient descent can be adopted to accelerate the training speed.
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This completes one FL round and we set i — i + 1. The entire procedure stops when

i = Iy, with I'gg, being the number of federated learning rounds

Historical BARL f"""-""""""":E""""""""""":
Bug Dataset : || ) A " !
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1 Correction Correction Correction il
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Local DNN W1
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Figure 3.1: RSFL framework, which consists of the BASP and BARL modules. Road-detected
boxes are marked in red. Vehicle-detected boxes are marked as cyan.

3.3 Proposed RSFL Approach

The key to FLAD is to find a proper teacher model ® such that the pseudo labels in
VSBZ,t is closer to ground truth. To this end, we propose the RSFL framework shown
in Figure 3.1, which consists of the BARL and BASP modules for the FLAD system
presented in Section 3.2. The BARL module leverages IRSUs to annotate data at CAVs.
The BASP module determines the positions of IRSUs using bug database and integer

programming. Below we present the details of the two newly developed modules.

3.3.1 BARL: Bug Aware Road Labeling:

Denote the LiDAR data at IRSUm (1<m < M) as £9,, = {Rdm,l,Rdm,g, ---}, where Rdm,t
represents a frame of road point cloud. The DNN inference at IRSU m at LiDAR time ¢
is R%m,t = RQJm(Rdm,tlrm), where r,, € REm*1 ig the DNN parameter vector at IRSU m.
Now, a direct approach is to label Y2, with R,%’m,t via the associated rotation and
translation matrices between CAV & and IRSU m. However, IRSU m also suffers from
occlusion, and its perception performance of a certain object could be even worse than that
at CAV k. To improve the quality of pseudo labels, we propose to merge the perception
results of all IRSUs into a global object list 9%, = {Gbm Gb[2] --}. This is realized
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Algorithm 1 RSFL with BARL
Input: Y9y, %, VBr s, Fa—t, Fr—c, %, IvL, E
Output: g'/r!
Function RS(G%t, V%k,t):
Map %, to AV £ as Cr = Fa_1(°%;) Remove hidden points from 61, to acquire
(gO
k.t
force ‘6,: , do

if IoU(c,ngfg) =0, Vn then

| Update "8}, , — V28; , u e}

if 5 <ToU(c,"b;') < @ then
| Update "%; , —V; \ by ule)

Map V%k,t to global as o7, ; = F kﬁg(V%k,t) Remove hidden points from <, ; to acquire
., for ceof) do
if IoU(c,%b"™) = 0 for all n then
| Update V%8, , — V9B; ,\ {FG—(c)}

Function FL:

for k. —1to K do

Execute RS(G%t,V%k,t) to obtain RS dataset
Vo ={(Vdr,1," % 1), (Vdy 2, %y o), )

fori—O0to Iy, —1do
for k —1to K do

fort—0toE—-1do
| Update local model using Eq. (3.4)

| Update global model using Eq. (3.5)

by exploiting the late fusion cooperative perception algorithm developed in (Z. Zhang
et al., 2021). After fusion, the road server executes BARL(G%t,V%k,t) to generate the
pseudo label dataset V@Z = {(deyl,V%Z,l),(vdk,z,v%’z,z),---}, which is fed to the FLAD.
The entire procedure of BARL is summarized in Algorithm 1.

In particular, for the £-th vehicle at time ¢, we first initialize V%Z,t =V, and then

consider three cases to update V,%Z,t.

1) False Negative Correction (FNC). We map ¢, to the vehicle coordinate system
as 6= Fg_1(G%,), where F_.}, is the function mapping coordinates from global

frame to local frame. We then perform view frustum culling and hidden point
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removal on 6% ; with respect to the FoV of the k-th vehicle, which yields 6 ,. For

[n]

any box ce €6y , if IoU(c,ka,t) =0 for all n and c is learnable for the CAV3, then

kit
<& <& [ . . .
we update Y% Bt= Vs 1+ U{el, where IoU is intersection over union function (Arnold

et al., 2020).

2) False Positive Correction (FPC). We map V%k,t to the global coordinate system
as oy ;= Fkﬁg(ve%k,t), where F},_.g is a reverse mapping of Fg_.,. We then perform
view frustum culling and hidden point removal on <, ; with respect to the FoV of
RSIs, which yields d]:’ ;- For any box c € ,czflj, ;o if IoU(c,GbEn]) =0 for all n, then we

update Y98}, , = V&, , \{Fg_z(c)}.

3) Inaccurate Box Correction (IBC). For any box ¢ € €} ,, if there exists some n

such that § < IoU(c,VbEE) < a, where (0, a) are predefined thresholds, e.g., we set

(8,@) = (0.05,0.7), then we update Y%} , = V& ,\ (Vb ) U fc}.

After iterating all the elements in V%k,t and °4;, the resultant V%Z,t is our desired
pseudo label set. By concatenating the results of all time frames, the RS dataset V@Z at

the k-th vehicle is obtained.

3.3.2 Information Gain of BARL:

To quantify the benefit brought by BARL, we first consider the single-IRSU case and
evaluate the information gain of annotating the objects with a roadside sensor. Specifi-
cally, consider the i-th object at the £-th vehicle at the #-th frame, and denote its points
asp; € dy,:. The associated ground truth box is b}, with its format given by Eq. (3.2).
However, the generated box b at the CAV and box b® at the IRSU involve uncertainties.
To quantify their uncertainties, we model the elements in b and b°® as random variables
and compute the associated entropy.

Let ﬁi = [éi,fci,&i,éi,fi,wi,fzi,éi]T, which contains 1 discrete variable (i.e., category
¢;) and 7 continuous variables (i.e., position (yi,éi,f i), size ad i,wi,ﬁ .), and orientation ;).

The probability mass function (pmf) of ¢; is p¢,. For instance, in a binary classification,

3A learnable object should contain a sufficient number of points observed by the CAV.
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¢; = 0 represents car and ¢; = 1 represents person. Then, the pmf [p¢,(¢; = 0), p¢,(¢; =
1)1 =[0.2,0.8] means that the object is classified as a person with a probability of 0.8.
On the other hand, since (%;, &i,éi,f i,wi,ﬁi,éi) are continuous random variables, we
model their uncertainties using probability density functions (pdfs), which are given by
(p;cl.,pyi,pgi,pii,p,@i,pﬁi,péi). For instance, for a box position, the mean of (pz,,p3,,p3,)
is the output box and the variance of (pz,,pj,,ps,) is the perturbation. Based on the

above pmf and pdf models, the entropy of b, is given by

H(b;) =~ pe,(D)log(pe,(£) - Y f puOlog(p,()dt.  (3.6)
t

uel®;,9,8:,l;,W;,h;,0;}

Similarly, the entropy of b is H(b?).

Now we consider two cases.

e If the IoU between b; and b? is larger than a, then the IRSU would agree with the
ego-vehicle and would not change the bounding box. In this case, the entropy is

unchanged and we denote this event as b.

e If the IoU between b; and b? is smaller than a, then the IRSU would change the

bounding box. In this case, the entropy is reduced and we denote this event as b .

According to (W. Zhang et al., 2022), the expected information gain (IG) of annotating p;
by IRSU is given by

IG; =P (b;)[H(b;)-H (b?)]. (3.7

The total IG of annotating all data is given by

K T
IGeam=Y.Y Y P(b;)[H®b;)-H(b)]. (3.8)
kzlt_lpievdkt

3.4 BASP: Bug-Aware Sensor Placement:

The IGgum in Eq. (3.8) is defined with respect to a single IRSU. However, in the multi-

IRSU case, IGgum would also depend on the sensor placement vector v =[vy,---,vp]” €
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{0, 13" (M is the number of candidate locations), where v; = 1 represents that the i-
th position is selected as a placement site and v; = 0 denotes that the i-th position is
abandoned. The number of deployed sensors should satisfy Z%Zl U = L. Furthermore,
since roadside sensors can only be attached to utility poles, the set of candidate locations,
denoted as & (with || = M), is known, and we denote r,,, = [rp x,7m 5, " m, 1T € & as the
location of the m-th feasible position to attach sensors.

Based on the above sensor placement model, we rewrite Eq. (3.8) into its multi-IRSU

form:

Y(v)= i i Y P(b;Iv)[H®b;)-H(biIV)], (3.9)

€de o

where the labeling probability P (b;|v) and entropy of IRSU’s detection H (b?|v) are now
dependent on v. The problem of maximizing IG for all data with respect to the sensor

placement v is

(P0) max Y(v) (3.10a)

M
s.t. Z vm=L, v,€{0,1}, Vm. (3.10b)

In practice, however, it is challenging solve PO since H (b;) and H (b?lv) have no
explicit forms. To this end, we propose to approximate W(v) in Eq. (3.10) using a surrogate
function ¥/(v). In particular, no matter what values H(b;) and H (bflv) take, we always
have H(b;)- H (b?lv) > 0 if b; happens and H (b;)-H (b?Iv) = 0 otherwise. By setting
Hb,))-H (b?Iv) =G >0 for all i, PO is approximated as

(P1) max G) P(d;lv), s.t.(3.10b). (3.11)

=¥'(v)
It can be seen that P1 is equivalent to maximizing the expected number of pseudo
labels, which can be estimated by Monte-Carlo sampling. Specifically, we deploy the

pre-trained DNN g% on CAVs and test them inside our region of interest. If any one
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of CAV generates a bug object (including the inaccurate box, false negative, and false
positive) within its FoV, the 3D position of this bug data e; is registered into a database
(i.e., bug database). After a sufficiently long simulation time, the database becomes
S = {e1,eq, -}, which contains all registered error items. Therefore, maximizing the
expected number of pseudo labels is equivalent to maximizing the cardinality |Z|, where
Z={eeA|Am v, =1,|le—r,| <R} and R in meter is the detection range of IRSUs.
To further derive Z, consider a bipartite graph (71,7,,8), where 71 ={a1,---,apy} is
the set of M positions, 75 =1{b1,---,b} is the set of J bug data, and & is the set of edges
with E, ; representing the observability of bug data j from position m. Specifically, if
lej —r,ll <R, we set E,, ; = 1; otherwise, we set E,, ; = 0. Weights {E,, ;} are stacked
into amatrix E=[Eq1,--- ,Eq1;;-;Em1, -, Emg1€{0, 1}M*J The nonzero elements in
the vector vI'E represents the expected number of false detections at CAVs that could
be supervised by the IRSUs. That is, Z = ||VTE||(). Based on the above derivation, P1 is

reformulated as
max IVTEl, s.t. (3.10b). (3.12)

The above problem is a nonconvex integer programming problem due to the nonconvexity
of Iy norm and discontinuity of v. To this end, a slack variable q € {0,1}Y with q <v”E is

introduced, and the following surrogate problem of Eq. (3.12) is considered:
< T
n‘}%x j;qj, s.t. (3.10b), v E>q, q;€{0,1}, V. (3.13)

Denoting the optimal solutions to problem Eq. (3.12) and Eq. (3.13) as v* and (v°,q°),

respectively, the following proposition is established.

Proposition 3.4.1. The optimal v* to problem Eq. (3.12) and the optimal v°® to problem
Eq. (3.13) satisfies IV°TE|o = [v*TE|l.

Proof. Assume that IIV°TE||0 # IIV*TEIIO. Then we can always find a feasible solution v’
to Eq. (3.12) such that [[v"E|o < IV Elo < Iv*TElo. Construct (v/,q') with [q']; = 0 if

vTE] ;=0 and q;. =1if[vTE] ;i #0, where [a]; represents the j-th element of vector a.
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Algorithm 2 BSAP
Input: & - Feasible set of positions for IRSUs
A€ - Historical bug database
L - Maximum number of IRSUs to be deployed under limited financial budget
Output: Optimal sensor placement vector v*
Function:
Construct bipartite graph (71,72,&) based on candidate positions % and bug data #

Calculate E, ; based on distance [le; —r, ||, detection range R, and occlusion O Form
the observability matrix E € {0, 1}¥*J

Formulate the BASP problem as:

max v E|
v

M
st. Y vm=L, vn€{0,1}, m=1,--,M.
m=1

Introduce slack variable q € {0,1}Y with q <v’E
Solve the surrogate problem (proved equivalent to primal problem in Proposition 1):

J M
n‘}a}lx Z qj, s.t. Z Um =L, v E > q,
b j:1

m=1

vm €10,1}, Ym, q;j€{0,1}, V.

| Output the solution of the surrogate problem v°® and q°

It can be shown that (v/,q’) is a feasible solution to Eq. (3.13). Furthermore, Z}’:l q;. =

IVTElo> IVTE|y = Z}Izl q‘;.. This contradicts to the optimality of (v®,q°). [ |

Based on Proposition 3.4.1, we can solve Eq. (3.13) instead of Eq. (3.12). Moreover,
problem Eq. (3.13) is an integer linear programming (ILP) problem, which can be opti-
mally solved by off-the-shelf software packages, such as CVXPY (Agrawal et al., 2018).

The entire procedure of BASP is summarized in Algorithm 2.
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3.5 Experiment Analvsis
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Figure 3.2: Comparison between BASP and TSP in 7 different Scenarios. Scenarios BEV Images,
bug data distributions, Sensor placements of BASP, and sensor placements of TSP.

We implement the proposed RSFL system using Python in the high-fidelity CARLA
simulator on a Ubuntu workstation with a 3.7 GHz AMD Ryzen 9 CPU and an NVIDIA
3090 Ti GPU. We simulate 5 scenarios (i.e., 2 T-junctions, 2 crossroads, and 1 round-
about), and their bird-eye-view pictures are shown in the first row of Figure 3.2. In
the considered scenarios, we have M = 18 feasible positions and L = 9 IRSUs, where
the candidate positions are marked as squares in the second row of Figure 3.2. To
collect the RSFL dataset, we generate several CAVs in each scenario, and the CAVs are
equipped with a 64-line LiDAR and a SECOND DNN model (Yan et al., 2018) for 3D
object detection, to navigate in all these scenarios. Each CAV collects 7000 frames of
point cloud data at a frequency of 10 Hz, where objects within the range of any IRSUs
are labelled with road-detected bounding boxes and are unlabelled otherwise. Note that
the pre-trained SECOND at all CAVs is obtained by training SECOND with 9000 frames
in CARLA Town02, Town03, and Town05 maps for 50 epochs. All the DNN models are
tested on a common dataset with 4000 samples collected in CARLA Town02, Town03,
and Town05 maps.

We compare the following schemes: 1) Pretrain, which directly adopts the pre-
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trained SECOND; 2) RSFL with TSP (Cai et al., 2023), which places IRSUs based
on the complexity of road topology; 3) RSFL with BASP, which places the IRSUs by
solving Eq. (3.13) based on historical bug data. First, as seen from the second row of
Figure 3.2, in contrast to existing TSP that places more IRSUs (marked as circles) at
roads with more lanes, the proposed RSFL automatically identifies the critical scenarios
and places more IRSUs (marked as diamonds) in the areas with more bug data. As such,
the number of false vehicle detections (marked as red circles) that can be calibrated by
the accurate road detections under the BASP scheme in the third row of Figure 3.2 is
larger than that by TSP in the fourth row of Figure 3.2. For instance, the BASP places
more IRSUs at narrow T-junctions (i.e., the first scenario) instead of wide T-junctions
(i.e., the forth scenario), which is in shapely contrast to TSP. This is because a narrow
road, despite its simple topology, would lead to a high occlusion probability. As for the
roundabout scenario (i.e., the second scenario), the positions generated by BASP and
TSP are also different, where BASP places two LiDARs at west and east sites, but TSP
places two LiDARs at north and south sites. Indeed, we assign a higher traffic density
to the traffic flow from west to east, and the proposed BASP automatically recognizes
such patterns. The above observations imply that the proposed BASP method serves as
a better sensor placement strategy for FL than existing methods, producing automatic
annotations with a higher probability.

Furthermore, the performance of SECOND models trained by different schemes is
presented in Figure 3.3. The detection results of ground truth, pre-trained model, RSFL
model and RSFL+BASP model are marked as red, pink, green and yellow, respectively.
First, it can be seen from Figure 3.3 that the pre-trained scheme without FL (marked
in pink) generates inaccurate boxes in Figure 3.3(a), false negatives in Figure 3.3b, and
false positives in Figure 3.3(c). Next, by employing RSFL, the bounding boxes (marked
in yellow) become closer to the ground truth in Figure 3.3(a). The RSFL also corrects
the false negative in Figure 3.3(b), and recovers a false positive in Figure 3.3(c). Lastly,
with the proposed RSFL with BASP, all the objects (marked in red) in all scenarios are

successfully detected. This demonstrates the benefits brought by the bug-awareness
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feature and corroborates the entropy reduction theory.

ik

%o, 4 [ Ground Truth Eq | ] Ground Truth [\f | [] Ground Truth
2 Pretrain | RN Pretrain | i & Pretrain
TSP-RSFL { A ] TSP-RSFL f i TSP-RSFL
A \ BASP-RSFL / BASP-RSFL A 4 BAsP-RsFL
(a) Case 1. (b) Case 2. (c) Case 3.

Figure 3.3: Qualitative comparison of different schemes. Red, pink, yellow, and cyan boxes
represent results obtained from ground truth, pre-trained, TSP-RSFL, and BASP-RSFL
schemes, respectively.

Finally, we compare the mAPs of different schemes. Table 3.2 summarises the mAPs
at IoU = 0.5 and IoU = 0.7 in the crossroad, T-junction, and roundabout scenarios of
Town03 and Town05. The experimental results show that even with TSP-RSFL, the
mAP is significantly increased compared to the pre-trained SECOND, i.e., with up to
5.74% and 4.00% improvements at IoU= 0.7 and IoU= 0.5, respectively. This is because
the RSFL fine-tunes the pre-trained model using the OOD data and the road supervi-
sion at the adversarial scenarios, thus enhancing the model generalization capability.
Furthermore, with BASP, the mAP performance is further boosted. The mAP of RSFL
with BASP outperforms RSFL with TSP in almost all test scenarios and leads to an mAP
improvement of more than 15% at IoU= 0.7 in the crossroad scenario of Town05. This
is because, under BASP, the roadside sensors pose is determined not only by the road
topology or traffic flows but also by the bug data distribution, which accounts for the

learning requirements at AVs in complex urban scenarios.

3.6 Summary

In this chapter, we have presented RSFL, a cooperative model training framework

for CAVs to learn from newly collected, unlabeled data in open traffic scenarios. To
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ToU=0.7 ToU=0.5

Crossroad pre-trained 48.87% 68.25%
(Town03) RSFL+TSP  51.92% (] 3.05%) 68.3% (1 0.11%)
RSFL+BASP 51.09% (12.21%) 70.96% (1 2.71%)

Tjunction pre-trained 49.75% 71.02%
(Town03) RSFL+TSP  52.61% (1 2.86%) 72.03% (1 1.02%)
RSFL+BASP 52.94% (13.19%) 76.33% (1 5.31%)

Roundabout pre-trained 43.07% 71.74%
(Town03) RSFL+TSP  47.36% (1 4.29%) 73.89% (1 2.15%)
RSFL+BASP 49.38% (1 6.31%) 75.69% (1 3.95%)

Crossroad pre-trained 46.65% 69.73%
(Town05) RSFL+TSP  47.12% (1 0.47%) 73.73% (1 4.00%)
RSFL+BASP 63.09% (1 16.43%) 176.30% (1 6.57%)

Tjunction pre-trained 43.87% 71.13%
RSFL+TSP  49.61% (1 5.74%) 74.73% (1 3.60%)

(TownO05)

RSFL+BASP 51.94% (18.07%) 76.54% (15.41%)

Table 3.2: Comparison of mAPs for different schemes.

maximize the expected amount of road-supervised OOD data, we further proposed a
BASP algorithm based on graph models and integer optimization. Various simulations
and experiments have shown that the proposed RSFL fine-tunes the pre-trained model
toward better generalization. Moreover, the BARL algorithm can enhance automatic

road annotations for FLAD.
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4.1 Introduction

As addressed in chapter 3, we have explored to apply FL to achieve efficient road assisted
cooperative training among CAVs and IRSUs. However, in the networked vehicular
systems, the performance of practical cooperative training heavily depended on the
characteristics of the wireless V2X channel conditions, as the shared information and
the FLCAV training process are subject to the wireless variation including latency,
bandwidth, and channel reliabilities. To this end, this chapter focuses on how to achieve
efficient cooperative training among CAVs and IRSUs in considering the practical V2X
communications and the dynamic network topology.

As mentioned in chapter 1, effective environmental perception is fundamental to AD
systems, where individual AVs equipped with sensors like LiDAR, cameras, and radar can
access a wealth of data. Recent advancements in DNN have greatly accelerated the AD
perception tasks such as object detection (Lang et al., 2019) (S. Shi et al., 2019), tracking
(Cheng et al., 2023), and segmentation (J. Li, Dai, et al., 2023), to a great extent. To keep
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the perception model effectively adaptive to the dynamic and vast traffic environments,
FL is adopted to upgrade the pretrained model and enhance models’ adaptive capabilities.
Existing works of FL could be categorized into two areas: (i) communication strategies
and (i7) application strategies. Communication strategies focused on the design of the
communication protocols by considering the communication-related variables, such as
throughput (Lee et al., 2024), latency (Su et al., 2023), device scheduling (Z. Chen et al.,
2023), and resource allocation (X. Zhou et al., 2023). However, these approaches did not
adequately address FL in domain-specific CAV scenarios, datasets, and tasks. Application
strategies for FLCAV concentrated on shared information fusion (Z. Zhang et al., 2021)
and reduction techniques, such as quantization (Y. Lin et al., 2017), sparsification (M.
Chen et al., 2020), to reduce communication loads and latency caused by reducing
transmission cost of the large size of shared DNN models. However, these approaches
assumed ideal communication conditions for cooperative training between CAVs and
IRSUs, which was impractical for real-world FLCAV systems.

Motivated by these observations, in this chapter, we focus on exploring the inte-
gration of FL. among CAVs and IRSUs with V2X communications. We first present a
system-level design for a road-assisted FLCAV framework to achieve cooperative training
among CAVs and IRSUs, and then we devise a communication topology optimization
algorithm to reduce the communication delay among CAVs and IRSUs and improve the
communication efficiency of the cooperative training process. The main contributions are

summarized below:

* Proposed a tailored FLCAV framework to explore the interdependency between
the specific CAVs perception domain of cooperative training process under wireless

communication.

* Derived a communication topology optimization algorithm for FLCAV under V2X
communication to reduce communication latency and accelerate the cooperative

training process.
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* Conducted high-fidelity experiments to verify the framework and the superiority of

the proposed communication topology optimization algorithm for FLCAV.

4.2 System Model

Simulation systems have become one of the key components of the development and
validation of AD scenarios. Since there is no simulator to simulate road-assisted coopera-
tive learning and inference process in networked vehicular systems, we leverage CARLA
(driven by the Unreal engine) (Dosovitskiy et al., 2017) to build our simulation and
learning platform for the design and verification of the interdependency between specific
CAVs perception domain of cooperative training under V2X wireless communications.

The system framework is illustrated in Figure 4.1.

Learning Dataset Processing Federated Learning Loop Communication Dataset Processing
. . Local Parameters o . .
Mllll.’l—Ml)dal Multi-Sensor [JIEIN Learning — Communication l—] Distance and Trajectory-
Sensing Data Calibration Module Module Blockage based Channel
Recording Global Parameters Calculation Generation
Algorithms
Road-Vehicle LA
Synchron. Mul[t,l-:,)lije“ Road Optimization Vehicle g“mm“"~ CI:)mmun.
& Coordinate .31 Sensor Toolbox > Network e ey
q Generation Calculation Calculation
Transformation - Pose CVXPY Topol 08y~
o )“x
o N
Learning Dataset Generation Simulation and Learning Platform Network Dataset Generation
- Seenarfo jcenarjo
2 ! CARLA Simulator OpenPCDet

Figure 4.1: System framework of road-assisted topology optimization for FLCAV.

The system framework mainly contains three modules:

* Dataset collection and processing: this module is responsible for preparing

high-fidelity annotated datasets from multi-modal sensors.

* FLCAV loop: this module is an FL-involved cooperative training process that

facilitates decentralized model training across CAVs and IRSUs.
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¢ Communication process: this module simulates the realistic V2X communication

conditions essential for evaluating FLCAV under various channel dynamics.

4.2.1 Dataset Collection and Processing

To simulate the real-world cooperative training for the CAVs’ perception task, a new
dataset has been developed leveraging the CARLA simulator. Specifically, the dataset
is generated under various traffic scenarios with a variety of CAVs and roadside infras-
tructures to cover several challenging driving environments. In the simulation, each
CAV and IRSU is equipped with a camera, LiDAR, and GPS/IMU sensors. The camera
captures RGB images with a resolution of 960 x 640 pixels and a horizontal FoV of 90
degrees. The LiDAR generates point clouds of surrounding objects and GPS/IMU is for
self-localization. All sensor data is streamed at 20Hz. The visualization of a CAV’s point
clouds and RGB images in the CARLA simulator are illustrated in Figure 4.2. At the
same tiem, the visualization of the roadside sensor’s point clouds and BEV images for
the roundabout traffic scenario is illustrated in Figure 4.3. Additionally, Multi-sensor cal-
ibration is achieved by leveraging sensors’ intrinsic and extrinsic parameters to ensure
spatial alignment across different sensors. Furthermore, frame stamping is adopted for
the collected data samples as the reference to ensure the synchronization among CAVs

and IRSUs.

LiDAR point cloud Camera video

Figure 4.2: Visualization of point clouds and front view of RGB image from CAVs perspective.

We use the SECOND (Yan et al., 2018) detector as the perception backbone to process
the collected point cloud data. SECOND is a DNN-based object detection model to process
3D point cloud data, and it leverages the sparsely embedded convolutional layers to

reduce the computational cost and accelerate the processing of point cloud data.

62



CHAPTER 4. COOPERATIVE MODEL TRAINING FOR PERCEPTION IN
NETWORKED VEHICULAR SYSTEMS

BEYV of Lidar PointCloud

Figure 4.3: BEV of point clouds and RGB image from IRSUs perspective.

The SECOND detector consists of three components: (i) a voxel feature extractor
(VFE), (ii) a sparse convolution layer, and (iii) a region proposal network (RPN). In SEC-
OND, Raw point cloud data are first converted into voxel representations. Subsequently,
a voxel-wise feature encoding layer extracts point-specific features within each voxel.
The sparse convolution layer is then designed to learn 3D voxel features. The learned
3D voxel features are reshaped into 2D (image-like data) by applying convolutions only
to non-zero inputs within the sparse voxel grid, enabling efficient processing for down-
stream tasks. In this way, we can significantly reduce computational cost. As for the
RPN, it processes sparse 3D convolution features through two levels of downsampling
and upsampling, concatenating the outputs into a feature map. The downsampling uses
layers of 2D convolution, coupled with BN and ReLU activation, to extract and compress
features. The upsampling employs a deconvolution layer to restore the data to its original
size. In the final stage, a single-shot detector (SSD) outputs both object classifications and
box localization. Unlike traditional methods, SSD generates detection results in a single
feed-forward pass, significantly enhancing computational efficiency while maintaining

high detection accuracy.

4.2.2 Federated Learning Assisted Cooperative Training Scheme

Several studies have been effectively modelled for wireless FL learning schemes. However,

domain-specific FLCAYV is different from the conventional FL that only focuses on some
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simple tasks, like handwritten digit recognition, and image classification with small
datasets. FLCAV has multiple CAVs with their own private datasets and the channel
conditions vary as the dynamic features of moving CAVs. In this section, we present the
problem statement of FLCAV in cooperative model training for 3D object detection tasks.

The tailored FL system for the perception of CAVs consists of K CAVs acting as clients
and one IRSU acting as the edge server. The lidar data at the k-th CAV (k €{1,...,K}) is
denoted as Y9, = {de,l,de,g, ---}, where de,t € RP#*3 is the vector concatenating the
coordinates of all points at time step ¢, with D;, being the number of points in each cloud.
The DNN parameter vector at the £-th CAV is Vwj, € RV#*! with W), being the dimension
of each DNN-based perception model. At the ¢-th lidar time frame, the k-th perception

model maps de,t into a set of bounding boxes

[1] [2]
By = {ka,t,vbk,t,---}, (4.1)

where Vb% represents the n-th object at the ¢-th lidar frame in the k-th vehicle coordi-

nate system, and is given by

ng:: _ [Vc[n] v _[n]l y [n] y_[n] Vl[n] v [nl Vh[n] Vg[n]]T, 4.2)

kBt> Xkts Yets Rhts Chits Whys Npys Upy

where chfg is the category, (in’fﬂ,"yi’fﬂ,"zgf}) is the center position, (Vli’fﬂ,VwL’fﬂ,VhZfﬂ)

stands for the tuple of length, width, and height, and VHE:; represents the yaw rota-
tion, respectively. The inference process at the 2-th CAV can be written as V,%’k,t =
VCDk(de,thk), where V@, represents the DNN inference function.

The goal of the FLCAV scheme is to update the perception model w;, to make V@k,t as
an accurate structured representation of de,t. However, V%k,t cannot match de,t, due
to the uncertainty within the pre-trained perception model. Consequently, we need the
FLCAV procedure to fine-tune w;, in a distributed manner, as it enables the pre-trained
model to be fine-tuned collaboratively and dynamically. Specifically, the FLCAV aims to
update the pre-trained model and acquire a global model with parameter vector g, by

solving the following loss minimization problem:
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as it enables the detection models to be fine-tuned collaboratively and dynamically,

ensuring improved adaptability and accuracy in diverse real-world environments.

) 1
min =~ Z ®(g;vdk,t’v‘%k,t)
wig YYDl % va,, v, peVa,
::X(g)
S.t. W1 — e = WK = g, (43)

where O(g;Vdy s, "B}, is the per-sample loss (Vdy;, " Bs) (1<t <1YD;|) in Y2, with
respect to parameter vector g, and A(g) denotes the global loss function to be minimized.

Let g'% be the pre-trained perception model at the cloud, and let WE:](O) be the local
DNN parameters at kth CAV at the beginning of the i-th iteration (i = 0 and wg](O) = glil).
The FL training of model parameters (i.e., solving Eq. (4.3)) is a distributed and iterative

procedure, where each iteration involves two steps:

1) Local update: The £-th CAV minimizes the loss function via the gradient descent

approach as

: : €
wg](r +1)= WE:](T) -
"Dl va,, v, peva,
VoW (T);Vdy ., "B s), (4.4)

where ¢ is the step-size, 0 <7 < E —1 (E is the number of local updates) and VO
denotes the gradient of ©.

2) Global averaging: All CAVs upload {WE:](E )IVE} to the IRSU, which computes an

average model

. 1 K .
g ttl=2) w®), (4.5)
K k=1

which is broadcast to the CAVs for next-round updates.
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This completes one FLCAV round and we set i — i + 1. The entire procedure stops when

i = I'ry,, with I'xg, being the number of federated learning rounds.

4.3 Dynamic Communication Topology Optimization

Most existing works of FL in wireless environments assume that end devices, such
as cellphones, directly upload their local parameters or gradients to an edge server or
via fixed relays, such as base station, due to the limited on-board resources of the end
devices. This approach typically follows a fixed topology FL (FTFL) scheme, where the
communication topology and the central aggregation process remain static through-
out the learning process. However, in FLCAV with wireless communication, when the
wireless channel between a particular CAV and the IRSU is poor, it can significantly
delay the aggregation process, as the IRSU server must wait to receive the local DNN
parameters from all participating CAVs before proceeding with the global aggregation.
Therefore, the communication round latency is governed by the CAV with the longest
transmission and local computation time. Moreover, CAVs generally have more powerful
on-board computation and communication units, enabling greater flexibility. In our wire-
less networked vehicular system, CAVs and IRSUs can communicate with each other
via V2V or Vehicle-to-Infrastructure (V2I) communication. This setup facilitates the
adoption of a dynamic topology FL (DTFL) scheme. This allows a CAV to send its local
parameters to nearby CAVs or the IRSU instead of only communicating with the IRSU
server, which means CAVs can act as a relay in the wireless network. After receiving
other CAVs parameters, the relay CAV aggregates it local model parameters with the
received parameters and subsequently transmit the aggregated results to other CAVs or

IRSUs for further processing, thereby mitigating the straggler problem.

4.3.1 Model Aggregation and Communication Model

The communication between the IRSU and CAVs in a traffic scenario is shown in

Figure 4.4, where CAVs communicate with each other through V2V communication,
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Figure 4.4: An illustration of the communication topology between the IRSU and CAVs
for FLCAV in the networked vehicular system

while the communication between the IRSU and a CAV is through V2I communication.

During the training process, CAVs that received parameters from other nearby CAVs
are referred to as relay CAVs. The set of all training participants (i.e., CAVs and the IRSU)
are named as nodes and the set of all nodes is denoted as C° = C UR where R represents
the IRSU. Then, the communication topology matrix I is defined as I ={I; jlie C,j € CcYy,
which establishes a unique network topology among CAVs and IRSUs for the perception
model parameter transmission and aggregation. I; ; = 1 only when node i connects to
the node j; otherwise I, ; = 0.

If a CAV acts as a relay, the aggregated parameters at this CAV, resulting from

combining local and received parameters, are given by

o Yiek i jDiwi+D jw;
J - ~
YieclijD;+D;j

) (4.6)

where D; corresponds to the total number of data samples residing at i. Since each
CAV can transmit its local models to only one other participants (i.e., other CAVs or the
IRSU), and at least one CAV with a direct connection to the IRSU, the constraints on the

communication matrix I are
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Ii,iIO, Zli,jzl,ViEC 4.7)
jeco

Z Ii,R =1, (4.8)

ieC

As such, the communication topology will be formulated into a tree topology without
a ring, with the IRSU as the root node. CAVs serve as both relay and source nodes,
forwarding the aggregated parameters w; to their parent node without increasing the
transmitted data size.

To evaluate the latency during the FL process, we consider the local computation and
wireless communication time, accounting for the heterogeneous computational power of
CAVs and channel conditions. Let Nrrop denote the number of floating point operations
per training data sample and f. denote the computation speed of the c-th CAYV, the local
computation time for the c-th CAV is

tcmp _ DCNFLOP

‘ fe

In our setting, CAVs transmit model parameters via wireless links. Thus, CAV i can

(4.9

transmit its parameters to the IRSU or other j-th CAV (j € C°,j # i) via V2V or V2I

communication. Then the delay between i and J is

B
goomm - 2 (4.10)
2jecolijrij

where B represents bit count required to transmit the perception model parameters.
r; j is the rate of data transmission from i-th node to j-th node. The transmission rate
r; j depends on the bandwidth w; for node i, the distance d; ; between the node i and j,

transmit power P, and channel noise 52, as shown below:

PH; ;
ri,j:wilog2(1+ 52 ). (4.11)
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H; ;= go(do/d; j)*|h; ;| is the channel gain from the i-th node to the j-th node, with gy
as the path loss constant, d as the reference distance, a as the path loss coefficient, and

hi;~%€AN(0,1) representing small-scale fading.

4.3.2 Topology Optimization Algorithm

To accelerate the cooperative training process among CAVs and the IRSU in wireless
communications, we are to minimize the latency for each round by optimizing the commu-
nication topology matrix I, considering CAVs’ heterogeneous computational power and
channel conditions. The j-th node aggregates and forwards perception model parameters
from nearby nodes only after receiving all parameters from node i with I; ; = 1. If the
time required for local computation at the j-th node is longer the combined local compu-
tation and transmission times of i-th node, j-th node must wait. Thus the communication

delay constraints for the connected node pair are

D;N B DN
itVFLOP " i< J FLOP. (4.12)
fi Yieco Iijri fi
With this communication topology, the cooperative training latency is limited by the

slowest IRSU-connected CAV. It is given by

D;N, B
ground = i { Z1FLOP , (4.13)
i€Cr fi Y jecoli,jri;
D;N, B
=min{ = FLOP : (4.14)
ieC fi ZjECOIi,jri,j

where Cg = {i|l; k+1 = 1,1 € K} denotes the set of CAVs that connect to the IRSU. Finally,
the optimization problem that minimizes the communication delay of each round in

FLCAV can be formulated as follows
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D;N, B
min{ 2 LOF (4.15)
ieC fi ZjeCOIi,jri,j
D;N, B D;N
s.t.( i FLOP)+ Ii,j< JAVFLOP
fi YLjecolijriyj fi
Ii,i :0, Z Ii,j = l,Vi eC
jeco
ZIi,R =1
ieC

1;;€{0,1},ieC,jeCP.

The above problem is a mixed-integer nonlinear program (MINLP) problem, which is
genrally NP-hard and non-convex due to the binary communication matrix I; ; € {0, 1}
and the non-linear reciprocal term in the objective. To make the problem solvable by
convex optimization frameworks, we relax the binary constraints I; ; € {0, 1} to continuous
constraints I; ; € [0, 1], efficiently treating I; ; as a soft weight. The reciprocal term is also
approximated by exploiting a convex surrogate, such as the negative logarithm function,
which preserves monotonicity and penalizes small denominators while maintaining
convexity. Additionally, to promote sparsity and encourage binary-like solution, we
introduce addition L regularization term in the objective function. The resulting relaxed
problem is a continuous, convex optimization problem that can be solved using off-the-

shelf software packages such as CVXPY (Agrawal et al., 2018).

4.4 Simulation and Numerical results

To explore the interdependency between the specific FLCAV perception domain under
V2X wireless communication and verify the effectiveness of the communication topology
optimization algorithm, we conduct a series of experiments by leveraging the CARLA
simulator and generate data from three complex traffic scenarios, i.e., a crossroad,
a T-junction and a roundabout. The performance evaluation is conducted using an
independent test dataset for each scenario. Specifically, each scenario included 5 CAVs

and an IRSU to collect the sensing dataset. Each CAV is equipped with a camera-LiDAR
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Figure 4.5: Birds-Eye-Views of the three traffic scenarios (i.e., T-junction, roundabout
and crossroad).

pair to gather RGB images and point cloud data. The LiDAR is a 64-line model operating
at 20Hz, with a default range and FoV set to 100 meters and 90 degrees, respectively.
Additionally, each CAV is fitted with a GPS device for self-localization. For the IRSU,
in each scenario, sensor configurations are experimentally determined and optimized
through a road sensor optimization algorithm to ensure comprehensive coverage of the
traffic scenarios and help CAVs for the new data annotation. Figure 4.5 illustrates the
roadside birds-eye-views (BEV) of the three traffic scenarios (a T-junction, a roundabout
and a crossroad).

In the DTFL scheme, the network topology optimization algorithm optimize the
communication topology for the learning process. Each CAV’s pose information (location
and rotation) is extracted for every frame, and factors such as DNN model size and
communication delay are considered during FL. In our experiment, we exploit the
SECOND (Yan et al., 2018) as our perception backbone for 3D object detection, which
comprises approximately 5 million parameters (model size 64 MB; sample size 1.6 MB).

The local computing speed varies between 1 and 10 GFLOPs, with the transmit power
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Figure 4.6: An illustration of the adaptive time-varying communication topology between
the IRSU and CAVs for FLCAV in the networked vehicular system

P =1W and a bandwidth of 5 MHz per CAV.

Figure 4.6 visualizes selected communication topologies after optimization. Unlike
the fixed topology in conventional FL, where all CAVs send their parameters directly
to the edge server, our approach adaptively adjusts communication routes based on
the relative positions of road participants and wireless communication conditions. This
flexibility allows the FLCAV scheme to better account for time-varying transmission
latencies and local CAV resource availability, enhancing the efficiency of the networked
vehicular system.

Furthermore, we compare the following schemes: 1) Pretrain, which directly adopts
the pre-trained SECOND,; 2) FTFL without topology optimization, where all CAVs
directly transmit parameters to the IRSU; 3) DTFL with topology optimization,
in which the topology optimization algorithm is applied for DTFL during the learning
process. The qualitative comparison of the perception model trained by different schemes
is presented in Figure 4.7. The detection results of ground truth, pre-trained model, FTFL
model, and DTFL model are marked as red, pink, cyan, and yellow, respectively. We can
see that with the assistant knowledge of IRSUs after the FL schemes, CAVs can generate
more accurate predictions. Moreover, the pretrained baseline method without FL (marked
in pink) generates false negatives in Figure 4.7(a), false positives in Figure 4.7(b) and
inaccurate boxes in Figure 4.7(c). After employing the FTFL method, the bounding boxes
(marked in cyan) become closer to the ground truth in Figure 4.7(b). However, DTFL
outperforms FTFL in Figure 4.7(b), as the FTFL method fails to correct the false positive.
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Furthermore, the proposed DTFL with the topology optimization algorithm effectively
detects all the objects (marked in red) in all scenarios, showing superiority than other
benchmarks. This improvement is attributed to the reduced communication latency
achieved through the dynamic network optimization algorithm. As a result, within a

fixed FL training duration, more training rounds can be executed, thereby enhancing

learning accuracy.

| — : 1 Eb@ ::K;j
(a) Case I. (b) Case II. (c) Case III.

Figure 4.7: Qualitative comparison of different cooperative training schemes. Red, pink,
cyan, and yellow boxes represent results obtained from ground truth, pre-trained, FTFL,
and DTFL schemes, respectively.

Finally, we compare the mAPs of different methods. Table 4.1 summarises the mAPs
at IoU = 0.5 and IoU = 0.7 in cross-road, T-juction, and roundabout scenarios. The
experimental results show that, the mAP of FTFL is significantly increased compared to
the pre-trained SECOND, i.e., with up to 6.13% and 4.05% improvements at IoU= 0.7 and
IoU= 0.5, respectively. This is because the FL scheme fine-tunes the pre-trained model
and enhances the model generalization capability. Furthermore, the mAP performance is
further boosted by the DTFL scheme with the topology optimization algorithm. The mAP
of DTFL with topology optimization outperforms FTFL with fixed topology in almost all
test scenarios. It leads to an mAP improvement of more than 8% at IoU= 0.5 in the test

scenarios.
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mAP

ToU=0.7 TIoU=0.5

pretrained 48.87% 68.25%
Crossroad FTFL 53.09% (14.21%) 72.30% (1 4.05%)
DTFL 57.12% (] 8.25%) T74.73% (| 6.48%)

pretrained 49.75% 71.02%
T-junction FTFL 55.94% (1 6.13%) 72.33% (1 1.31%)
DTFL 56.61% (] 6.86%) T74.03% (] 3.02%)

pretrained 43.07% 71.74%
Roundabout FTFL 48.38% (1 5.31%) 73.69% (1 1.91%)
DTFL 49.36% (1 6.29%) 75.22% (| 3.48%)

Table 4.1: Comparison of mAP for different cooperative learning schemes

4.5 Summary

In this chapter, we present the exploration of the interdependency between the specific
FLCAV perception domain under V2X wireless communication among CAVs and IRSUs.
Additionally, a communication-efficient topology optimization algorithm was proposed to
consider the geometric relationship between CAVs and IRSUs, enhancing cooperative
training efficiency. Numerical results have demonstrated that our proposed framework
significantly outperforms the benchmark models in terms of improving detection preci-
sion, reducing latency and accelerating the training process. Qualitative analysis with

visual examples further validated its effectiveness.
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CHAPTER

COOPERATIVE MODEL INFERENCE FOR PERCEPTION IN

NETWORKED VEHICULAR SYSTEMS

5.1 Introduction

In Chapter 3 and Chapter 4, we have achieved effective cooperative training for per-
ception model upgrade. Different from cooperative training which aims to upgrade and
enhance the perception models’ adaptive capabilities, cooperative inference aims to re-
duce the perception uncertainty by sharing perceived information from multiple CAVs
in the inference stage via V2V communications. However, when inevitable channel im-
pairments occur in V2V communications, the shared information can compromise the
detection performance due to the distortions. To this end, this chapter focuses on improv-
ing the robustness of the cooperative inference in the presence of V2V communication
impairments.

Emerging technologies, such as LiDAR and artificial intelligence algorithms, have
facilitated the development of 3D object detection. However, due to these sensors’ physical
limitations, including restricted detection range and limited FoV, it may prevent an

individual AV from accurately detecting occluded or distant objects. To address this,

75



CHAPTER 5. COOPERATIVE MODEL INFERENCE FOR PERCEPTION IN
NETWORKED VEHICULAR SYSTEMS

cooperative inference enabled by vehicular communications has been widely proposed,
which uses shared information from multiple CAVs to obtain wider viewpoints and
enhance detection in the inference stage (Y.-C. Liu, Tian, Ma, et al., 2020; T.-H. Wang
et al., 2020; Xu, Tu, et al., 2023; Xu, Xiang, Tu, et al., 2022; Xu, Xiang, Xia, et al., 2022).
These collaborative frameworks, nevertheless, heavily relies on the reliability of V2V
communications, as the non-stationarity time-varying characteristics of V2V channels,
caused by moving scatters (i.e., other vehicles and pedestrians), can impact the real-time
information sharing among CAVs. Therefore, incorporating vehicular communications
in cooperative inference is vital for ensuring system robustness, and this has attracted
significant research interests.

Based on the advancements of effective 3D detection backbones(Lang et al., 2019;
Yan et al., 2018), several studies have explored various collaborative fusion schemes for
cooperative inference, including raw-data-level fusion (sharing raw point clouds) (Arnold
et al., 2020; Q. Chen, Tang, et al., 2019; Gao et al., 2018), intermediate-level fusion
(sharing intermediate feature representations) (Q. Chen, Ma, et al., 2019; Hu et al., 2022;
Y. Li et al., 2021; Y.-C. Liu, Tian, Glaser, & Kira, 2020; Xu, Tu, et al., 2023; Xu, Xiang,
Xia, et al., 2022), and object-level fusion (sharing detection outcome) (Ambrosin et al.,
2019; D. Chen & Kriahenbiihl, 2022; Glaser & Kira, 2023; S. Shi et al., 2022; Z. Zhang
et al., 2021). These works aim to optimize the trade-offs between bandwidth utilization
and detection accuracy, often assuming ideal communication. In order to consider the
effects of realistic V2V communications, recent works have shifted toward more realistic
scenarios, considering various factors, such as communication delays (Xu, Xiang, Tu, et
al., 2022), information loss (J. Li, Xu, et al., 2023), and pose inaccuracies (Y.-C. Liu, Tian,
Ma, et al., 2020; T.-H. Wang et al., 2020). However, a more sophisticated channel model
that accounts for the non-stationarity and time-varying of V2V channels, particularly
the time-varying distortions caused by vehicle speed and moving scatterers, has yet
to be investigated. Furthermore, some previous works have utilized both supervised
end-to-end training (C. Liu et al., 2023) and self-supervised learning (C. Liu et al.,

2024) to mitigate the adverse effects of channel impairments. Nevertheless, challenges
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remain. Specifically, supervised distortion-in-the-loop training allows fusion networks,
such as attentive fusion and V2VNet, to learn from the distorted shared information,
thereby improving detection performance under channel impairments. However, it lacks
generalization to varying communication environments, as it struggles to function with
varying noise levels, path loss factors, and other dynamic channel conditions. On the
other hand, self-supervised learning offers a flexible approach to filtering out distorted
information due to severe channel impairments. However, the existing methods operate
only at the CAV level and cannot address pixel-level feature maps. Therefore, developing
an approach that can flexibly adapt to varying V2V communication channels is essential
to enhance the robustness of cooperative inference.

Motivated by these existing challenges, this chapter focuses on improving the robust-
ness of the cooperative inference in the presence of V2V communication impairments.

The detailed contributions can be summarized by:

* Develop a new method to incorporate practical communication channels in co-
operative inference systems to evaluate the performance degradation caused by

communication channel impairments for different fusion schemes.

* To alleviate the performance degradation due to V2V communication impairments,
we propose a joint weighting and denoising framework, Coop-WD, to improve the
robustness of cooperative inference using intermediate feature sharing, where A
CAV-level weighting algorithm based on self-supervised learning, combining with
a denoising algorithm based on a diffusion probabilistic model, is developed to
tackle the CAV-level and pixel-level feature distortion. Besides, generative and self-
supervised learning enhances the model’s flexibility and adaptivity to randomness

and stochastic variations of V2V channels.

* Unlike the previous works that neglected uncertainty and stochastic variability
of V2V communication, a non-stationary V2V communication channel model is
used to consider more V2V factors, including velocity, acceleration, inter-vehicle

distance, geographic positioning, and rotational orientation. In addition to different

77



CHAPTER 5. COOPERATIVE MODEL INFERENCE FOR PERCEPTION IN
NETWORKED VEHICULAR SYSTEMS

noise levels and path loss factors using Rician fading, multi-path, time-varying
distortions is also considered to validate the robustness and generalization of our

approach.

* Numerical results demonstrate that the proposed Coop-WD outperforms conven-
tional benchmarks under all channel conditions across different distortion levels,
including simulated Rician fading, realistic WINNER II, and non-stationary V2V
channels. This effectiveness is also tested and validated under various commu-
nication factors, including path loss, imperfect CSI, and time-related distortions.
Qualitative analysis is conducted to further prove that the proposed approach

performs better than the benchmark with only a weighting or denoising module.

5.2 System Model

z ' Ego Vehicle

Physical Ff“""’"f‘r(fﬁﬁ"”f‘j””"f’f}
Channel L‘ 2
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Physical
Channel
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Figure 5.1: Cooperative inference via V2V communication.
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5.2.1 V2V Communication Models

The system model for cooperative inference in the V2V networked vehicular system is
illustrated in Figure 5.1. In this model, the ego vehicle, connecting with other CAVs,
collaborates with other CAVs by sharing information through V2V communication
channels. The fusion process of information shared from multiple CAVs at ego vehicle

can be expressed as

ffusion :g(fego,%laf%---,fl{)a (5.1)

where f,;, denotes the data sensed by the ego vehicle, while f'k represents the shared
data (i.e., raw point clouds, intermediate feature maps or model outputs) from the k-th
CAV. Z(-) denotes the fusion function employed to combine the shared data transmitted
by other CAVs.

The information provided by the CAVs offers diverse viewpoints that enhance both
the precision and range of perception. However, the shared information relies on V2V
communication to reach the ego vehicle. Due to the inherent uncertainty and stochastic
variability in V2V channels, factors such as channel fading, noise levels, path loss,
and time-varying distortions can distort the transmitted information. This, in turn,
compromises the accuracy of the fused information used in cooperative inference. To
investigate how these channel impairments can affect the quality of shared information,
three communication models are considered: (i) the Rician fading channel incorporating
free-space path loss; (ii) the WINNER II channel model (Bultitude & Rautiainen, 2007),
which incorporates multi-path fading; and (iii) a practical time-varying non-stationary
V2V channel. Furthermore, to simulate the practical channels, we account for imperfect
channel state information (CSI) affected by Gaussian noise and use a pilot-based least-
squares method for channel estimation, which introduces CSI estimation errors. The

signal f;, is recovered from the received signals using a zero-forcing detector.
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5.2.1.1 Rician Fading

In this channel, a single-input single-output (SISO) configuration with Rician fading and
free-space path loss is considered. The information sent to the ego vehicle from the k-th

CAV via the channel is denoted as

Yr = p—ﬁ hpxp +wp, (5.2)
\ 2k

where the fi’—g denotes the path loss with pg representing the power loss at 1 meter.
d}, denotes the spatial range between mobile transmitter (Tx) and the mobile receiver
(Rx), with n denoting the path loss exponent. The variable 4} characterizes the Rician
fading channel, modeled as a complex normal distribution € .4 (v, 0}21). The vector y; €
CL*! represents the received signal from the k-th CAV, with x;, € CL*1 indicating the
transmitted signal. The noise term w;, corresponds to the additive white Gaussian noise

(AWGN), following a distribution €A (0,02).

5.2.1.2 Multi-Path

In practical CAVs’ cooperative inference of V2V communication scenarios, the channel
may also be subject to multi-path fading. Beyond the communication model present in
(Eq. 5.2), a multi-path channel model employing orthogonal frequency-division multi-
plexing (OFDM) is also taken into account. Under this model, the symbols received at

the i-th sub-carrier from the 2-th CAV are given by

Yilil= Hpli1X i1+ Wilil, (5.3)
where Hp[i] represents the channel frequency response, W;[i] corresponds to the AWGN,
and X[i] denotes the transmitted symbol.
5.2.1.3 Non-stationarity

In the practical CAVs’ cooperative inference with V2V communications, it is imperative

to acknowledge that CAVs exhibit non-stationary behavior and possess time-variant
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statistical properties under complex traffic conditions. Specifically, dynamic factors
such as CAVs’ velocity, acceleration, inter-vehicle spacing, geolocation, and angular
orientation are subject to continuous change. These dynamic characteristics of CAVs
exert a significant influence on the V2V communication channels, attributable to the
mobile nature of the Tx and Rx integrated into the vehicles. Consequently, this results in
the channels exhibiting rapidly fluctuating characteristics, which must be meticulously
accounted for in the modeling and analysis of V2V networked communication systems.

To demonstrate this characteristic of V2V communication, a practical time-varying
non-stationary V2V communication channel model (W. Li et al., 2020) is tailored for
our work to better reflect real-world V2V communication scenarios by accounting for
the mobility characteristics of CAVs, which introduce time-varying channel parameters,
leading to multipath effects and Doppler effects.

Firstly, CAVs attached with Tx and Rx are moving within a traffic scene in arbi-
trary trajectories with varying velocities as v°(¢), o € {Tx, Rx} representing Tx or Rx in
brief. In cooperative inference with the V2V communication system, the location of the
CAVys’ Tx and Rx antenna elements are denoted as d° = [d;‘c,d;] T, o € {Tx,Rx} where the
coordinates d; and ,dj are the position of the antenna along the x axis and y axis in
each local coordinate system, respectively. In the V2V communication model, multiple-
bounced propagation paths contain Line-of-Sight (LoS) and Non-Line-of-Sight (NLoS)
by considering if there are clusters in a certain path. In a twin-cluster model under
NLoS scenario, the clusters can be grouped into three separate segments: i.e., (i) the first
cluster ST*, (ii) the last cluster SZ*, and (iii) the rest between SI* and SZ*. The ST*
and Sﬁx can be modelled by velocities and locations of CAVs, and the remaining segment
can be represented through a virtual link (Q. Zhu, Li, et al., 2018). Under general V2V
traffic scenarios, the V2V channel between the Tx and Rx can be expressed as a P x @
complex matrix H, where P and @ represent the number of antennas at the Tx and R,

respectively. We have
H(ta‘[): [hp,q(tv‘[)]Pny (54)
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where h, ,(¢,7) represents the channel impulse response (CIR) between the Tx p-th
antenna and Rx ¢-th antenna at time instant t. According to (Q. Zhu, Yang, et al., 2018),

it can be further express as

N
hp,q(t, 7)= Z Pn(t)ﬁp,q,n(t)é(‘[ —Ta(2)), (5.5)

n=1

where N indicates the total number of propagation paths, P,(t) refers the normalized
power of n-th path, 7,(¢) corresponds to the time delay of n-th path, and A p,q,n(t) denotes

the channel gain and it can be express as

~ 1 M . t ! /
hp’q’n(t,T) _ Z e].(2n.f0 frn,m(t)dt +(Dn,m(t)+0n,m), (56)

m=1

where @, ,,(t) denotes the phase-related parameters induced by the relative spatial
position relationship between the scatterers and the antenna elements in the Tx and Rx

array. It can be expressed as

D () = 875(8) - d) ¥ + 8(2)- A, (5.7)
We have
§°(t) = [cos(ay, ,,(#),sin(a;, ,, ()], 0 € {Tx, Rx}, (5.8)
T T
Tx _ T T Rx _ R R
a’s = dpj;,dpj;] ,af = Rz R (5.9)

where §°(¢) denotes the unit direction vectors for the arrival or departure of the signal,
while a7, ,, (1) denotes the angle of arrival (AoA) or angle of departure (AoD). Additionally,
d}T,x and df;x correspond to the spatial coordinate of p-th Tx antenna or g-th Rx antenna,
respectively.

In Eq.( 5.6), 0, n, represents the initial random phase and distributed uniformly over
(0,27], fn,m(t) represents the Doppler Frequency. As the CAV are usually independent
from other CAVs, the total Doppler frequency can be calculated as
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Fam(@® = Fl% )+ FR 1), (5.10)

where the Doppler frequency of the Tx or Rx can be further expressed by speed v°(¢) and

moving direction aj(¢) of Tx or Rx. That is

v(?)

nm () =

-cos(ay, (1) — ay(?)), (5.11)

In the context of cooperative inference over wireless communication, we model the
time-varying speed and direction during the model feature sharing as linear functions.

Consequently, the speed v°(¢) and moving direction aj(¢) can be expressed as:

vo(t)=vg+ag-t, (5.12)
ay(t) = ag + B,
where v{ and a; are the initial speed and orientation of the MT/MR, respectively, and ag
and ) represent their respective accelerations. To analyse the feature sharing in each
batch of data, we expand the cos(ay, ,,(¢) — ap(?)) by Taylor series expansion at the start

of each batch of data sharing and retain the first two terms of the expansion provides an

approximation. That is

cos(a, ,, () — ay(?)) = cos(ay, ,, —ay) + kg -t, (5.13)

where k), the linear coefficient in the Taylor expansion, is defined as

0 20,0 0
v2-sin“(a®  —«
0 n,m v .
ky=— 70 + B - sin(ay, ,, — ay), (5.14)
n

where d° epresents the initial distance between the Tx/Rx and S1*/SE* respectively.

Thus, f}; ,,(¢) is given by

ajko’ t2+a8 -cos(ay ,—ay)+vgk] .\ vgeos(ay ,—ay)
A A A '

fr(z),m(t) ~ (5.15)

83



CHAPTER 5. COOPERATIVE MODEL INFERENCE FOR PERCEPTION IN
NETWORKED VEHICULAR SYSTEMS

Furthermore, the phase parameter can be estimated by ®,, ,,,(¢) = q);';’ﬁn(t) + @fi’ﬁn(t),
Let @7, ,(?), 0 € (T'x, Rx) as the phase at the Tx/Rx. Similarly, via Taylor expansion, the

phase @7 , (#) can be obtained as

27 21 .
D7, (2) = T(k‘{dfm +kody, )t + T(cos(azym) -dy,  +sin(ay, ) dy, ), (5.16)

where u € {p, q} indexes the p-th Tx or g-th Rx, £ and kg are then given by

RS = —E-sin2(az,m)+ By sin(ay, ), (5.17)
n
kS = _0_8 -cos®(a’ )+ B9 -cos(a’ )
2~ de n,m 0 n,m’*
n

Upon substitution of the above equations in Eq. (5.6), A p,q,n(t,T) can be expressed as

. 1 M
hpgn(t,T)= \/_ﬁ Z e]~(A~t3+B~t2+C~t+D+0n,m)’ (5.18)
m=1
where
2
A= %a‘(’)ko, (5.19)

B= %(ag -cos(ay, ,, — ay) +vgky),
C _ 271: o o ] kOdO kOdO
- T(UO ) COS(O(n’m - av) TRy u,x TRy u,y)’
21
D= T(cos(afl,m) -dy, . +sin(ay, ) dy ).
The distance d},(¢) between CAVs and clusters, is approximately expressed as

do(t) = d; —v§-cos(a, —ay)-t, (5.20)

where a@; denotes the initial mean orientation of AoA or AoD. The total delay of the n-th
path is the sum of the Tx delay, the virtual link delay, and the Rx delay. It can be derived
by

dTx 4 qdBx _ pTx. cos(al™ — aI*) + vBx. cos(alt® — aB¥)). ¢
Ty —2 0 n__v . 0 no v + 0 (2). (5.21)
c
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where ¢ denotes the light speed, and 7,(¢) denotes the equivalent virtual link delay,
updated using a first-order filtering method (Q. Zhu, Yang, et al., 2018).
The nth path power is determined by

Z

rg—1 n
P (t)=e Do 107 T, (5.22)

where r; denotes the shadow term, o, represents the delay distribution, and Z,, repre-
sents the spread.

Please note that the AoA and AoD can be characterized by a certain probability
density function, and several previous works (Pedersen et al., 2000; Zajic & Stuber,
2008) have demonstrated the versatility of the von Mises distribution in approximating
these distributions. Therefore, we assume that the AoA and AoD follow a von Mises

distribution.

exp(x’ 'cos(aﬁhm(t) - Ex;(t)))
27 - To(x?)

where x’ denotes the concentration parameter, Iy denotes the zeroth-order modified

P, (an ()= : (5.23)

Bessel function of the first kind, and @’ (t) represents the mean AoA/AoD.

5.2.1.4 Time-varying Distortion

In order to consider the effects of time-varying distortions in V2V channel, we model the
noise level and the estimation error of the channel state information (CSI) as random
processes. Their variations can be simulated as a Gaussian process. In this case, the

signal-to-noise ratio (SNR) at time ¢ can be expressed as

SNR(?) = usNr + €snr(?), (5.24)

where egnr(2) ~ A(0, G%NR) with the standard deviation ogng characterizing the extent
of noise fluctuation around the mean SNR as ugng.

Similarly, the time-varying CSI estimation error at time ¢ can be modelled as

h(t) = h(t) +ecg(t), (5.25)
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Figure 5.2: System architecture of cooperative inference with v2v communication.
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where ecgr(t) ~ A (O,O'%SI), and ocgp denotes the fluctuations of CSI error.

5.3 Cooperative inference with End-to-end
Communicaiton

Figure 5.2 shows the system model for cooperative inference with the proposed joint
adaptive weighting and denoising in networked vehicular systems. PointPillars (Lang
et al., 2019) is adopted as the backbone algorithm with a pillar feature net (PFN), a 2D
convolutional neural network (CNN) backbone, and a single shot detector (SSD) (W. Liu
et al., 2016). Firstly, point clouds are divided into an x-y grid of pillars. To address the
sparsity of pillars and points, each pillar is augmented with high-dimensional features,
where limits are imposed on the number of non-empty pillars and points to formulate
a dense tensor. Excess data is randomly sampled, and missing data is zero-padded.
Subsequently, a simplified PointNet (Qi, Su, et al., 2017) extracts features with linear
layers, batch normalization (BatchNorm), and rectified linear unit (ReLU). The resulting
features are scattered back to their original positions, forming a pseudo-image denoted
as 7 in Figure 5.2. Then, pseudo-image features (fgo,f‘l@ yen ,f‘f ) are processed by the
2D CNN backbone, which adopts a residual structure with BatchNorm and ReLU layers
to produce convoluted features (fgo,f(f yeun ,f;f ). To prepare the sharing features, feature

downsampling is conducted at the transmitter using a CNN-based encoder to compress
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the feature and improve communication efficiency. At the receiver, the received and
convoluted sharing features (f1,...,1.) are concatenated with f, g0, Tespectively, and then
deconvoluted to reconstruct the feature map f. This downsampling and upsampling
operation could take light channel impairments into account during model training.
However, severe and dynamic channel impairments cannot be resolved by this encoder-
decoder structure. Therefore, the proposed CAV-level weighting and pixel-level denoising
method is implemented at the receiver before up-sampling to mitigate the effects of
various channel impairments, which will be introduced in Section 5.4. Furthermore,
feature fusion is conducted to aggregate the concatenated feature f into frgon. Finally,
an SSD is used to output the classification results of objects and the regression results of
their box localization.

To enable effective collaboration among multiple CAVs, V2V communications are
critical to enable them to share perceptual information. This learning-based detection
framework can be seamlessly integrated with end-to-end communications systems to
achieve global optimization. Specifically, the detection networks can be also trained to
address wireless channel impairments using a distortion-in-the-loop training method.
This framework serves as the benchmark and our work will focus on further improving
cooperative inference under wireless channel impairments.

In this work, we utilize V2VNet (T.-H. Wang et al., 2020) as an intermediate-level
fusion technique to combine the transmitted features by a graph neural network (GNN).
V2VNet is particularly effective in balancing perception performance with the constraints
of existing hardware transmission bandwidth by compressing the intermediate repre-
sentations of the detector. The proposed joint weighting and denoising module will be

introduced later.

5.3.1 Conventional Fusion Schemes with V2V Communication

As mentioned in chapter 2, conventional cooperative inference frameworks can be cat-
egorized into three types: (i) raw-data-level fusion, (ii) intermediate-level fusion, and

(2i1) object-level fusion. The frameworks of the three conventional cooperative inference
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Figure 5.3: Cooperative inference with V2V communications: (a) Raw-data-level fusion,
(b) Intermediate-level fusion, (c) Object-level fusion.
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methods, with the V2V communication module highlighted in pink boxes, are shown in
the three subfigures of Figure 5.3. In raw-data-level fusion (Figure 5.3(a)), the ego vehi-
cle receives point clouds transmitted from other CAVs and concatenates them, as point
cloud data are exhibiting unorderness and transformation invariance. Pre-processing,
such as cropping and downsampling, is applied based on the ego vehicle’s detection range
to reduce computational cost. In intermediate-level fusion (Figure 5.3(b)), frameworks
like V2VNet (T.-H. Wang et al., 2020) adopt an encoder to downsample shared features
before transmission and then decode the features at the ego vehicle. These features are
processed by a spatial-aware Graph Neural Network (GNN) and a convolutional gated
recurrent unit (ConvGRU) to perform feature fusion. Unlike raw-data-level fusion and
intermediate-level fusion, which require collaborative learning at the ego vehicle, object-
level fusion (Figure 5.3(c)), relies only on detection outputs from all CAVs. This scheme
facilitates information aggregation from CAVs, eliminating the need for offline collab-
orative learning. Object-level fusion refines detection outputs through non-maximum

suppression (NMS) and range filtering to yield the final results.

5.3.2 Numerical Results and Discussion

Existing works on the three aforementioned fusion schemes often overlooks the impact
of wireless channel impairments. However, sharing raw point cloud data, intermediate
feature maps, and detection outputs via V2V communication exhibit varying robustness
to such impairments. Therefore, we analyze their performance by utilizing the average

precision (AP) as performance metric under realistic channel conditions.

5.3.2.1 Simulation Setup

We utilize the OPV2V dataset, proposed in (Xu, Xiang, Xia, et al., 2022) and constructed
using the OpenCDA simulation tool, to conduct training and evaluation. The OPV2V
dataset combines the default CARLA towns (6,765 training samples, 1,980 validation
samples) and the Culver City dataset (550 samples) used as test set to evaluate the

domain adaptability of the proposed model. We use V2VNet (T.-H. Wang et al., 2020)
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for intermediate-level fusion. Training is conducted using the Adam optimizer with a
learning rate of 0.002, over 60 epochs with a batch size of 2.

To account for wireless channel effects, we consider Rician fading with a Rician
K-factor of 1 and AWGN with an SNR ranging from —10 to 30 dB. Given the varying
coordinates of the CAVs, the raw point clouds and detection outputs are normalized
along each axis to have a mean of 0 and a variance of 1, effectively following a standard

normal distribution. This normalization is performed prior to transmission.

5.3.2.2 Effects of Channel Impairment

SNR Raw-data-level  Intermediate-level Object-level
AP@0.3 AP@(0.7 AP@0.3 AP@0.7 AP@0.3 AP@0.7
Ideal 84.2% 73.2%  90.5% 86.0% 80.4%  74.7%
0 39.0% 31.3% 63.7% 62.7% 19.8% 11.8%
10 42.1% 31.7%  85.1% 80.6% 45.0% 8.0%
20 49.1% 33.3%  88.8% 84.3% 79.5%  33.9%
30 714%  47.6%  90.0% 85.0% 80.2%  67.4%

Table 5.1: Average precision under fading and noise conditions.

SNR Raw-data-level  Intermediate-level Object-level
AP@0.3 AP@0.7 AP@0.3 AP@0.7 AP@0.3 AP@0.7
Ideal 84.2% 73.2%  90.5% 86.0% 80.4%  74.7%
0 32.1%  29.2% 6.2% 4.4% 21.4%  15.9%
10 36.1% 30.6%  36.2% 32.4% 27.6% 8.2%
20 40.7%  31.6%  78.1% 73.5% 66.2%  15.4%
30 44.7%  32.3%  90.1% 85.6% 781%  54.2%

Table 5.2: Average precision under path loss, fading, and noise conditions.

Tables 5.1 and 5.2 show the performance of cooperative inference for different fusion
schemes under fading, noise, and path loss conditions. Table 5.1 shows the cooperative
inference under fading and noise scenarios. The accuracy of raw-data-level fusion steadily
increases with SNR. For IoU = 0.7, accuracy improves from 31.3% to 47.6%, while for
IoU = 0.3, it grows from 39% to over 71.4% with increasing SNR from —10 to 30 dB.
Object-level fusion performs better than raw-data-level fusion for SNR values larger

than 10 dB, with accuracy ranging from 19.8% to 80.2%for IoU = 0.3 and 8% to 67.4%
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for IoU = 0.7. Intermediate-level fusion exhibits remarkable robustness, maintaining
consistent level of accuracy over 62.7% for IoU = 0.7 and 63.7% for IoU = 0.3 across all
SNR levels. Table 5.2 shows the cooperative inference in the presence of path loss, fading,
and noise, intermediate-level fusion retains accuracy comparable to the noise-and-fading-
only scenario when the SNR exceeds 10 dB. However, the AP experiences a substantial
decline, decreasing from above 80% to around 10% as the SNR falls from 10 to —10 dB.
Contrastingly, raw-data-level and object-level fusion show increasing accuracy as the
SNR declines below 10 dB, attributed to the filtering of unreliable point cloud data and
detection results caused by high distortion. This compels the ego vehicle to rely more
on its measurements. These observations highlight intermediate-level fusion scheme is

more resilience to noise and fading than raw-data-level fusion and object-level fusion.

5.4 dJoint Adaptive Weighting and Denoising
Approach

As analyzed in the previous section, cooperative inference contains communication
impairments in V2V communication that may corrupt intermediate feature maps. These
distortions compromise detection accuracy and affect system safety and reliability. To
this end, we propose a joint CAV-level weighting and pixel-level denoising module to
alleviate the performance degradation caused by the distorted shared feature maps.

In this section, a CAV-level weighting approach based on self-supervised learning is
firstly introduced, followed by the pixel-level denoising approach that inspired by U-Net
(Ronneberger et al., 2015) and CDiffuSE (Lu et al., 2022). Finally, the joint weighting
and denoising framework will be presented. Figure 5.2 shows the system for coopera-
tive inference with the joint adaptive weighting and denoising in networked vehicular
systems. In which, PointPillar (Lang et al., 2019) is used as the 3D detection backbone
model. It is important to note that, an autoencoder is exploited to minimize the volume
of transmitted data, the feature maps undergo a 32-fold compression. This compression

significantly reduces the data size and balances the requirements on detection accuracy
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and bandwidth usage while preserving essential information for subsequent processing.

The motivation for proposing the synergy between CAV weighting and pixel-level
denoising framework lies in mitigating the limitations associated with both CAV- and
pixel-level processes. This hierarchical architecture integrates weighting and denois-
ing, capitalizing on the simplicity of CAV weighting while addressing information loss
through generative diffusion models. By incorporating contrastive self-supervision with
generative learning, the framework achieves superior feature representation and syn-
thesis capabilities to account for non-stationarity of V2V channel impairments. More-
over, the shared utilization of residual blocks and skip connections ensures structural
compatibility between the two modules, facilitating seamless adaptation and effective

integration.

5.4.1 CAV-level Weighting

Features Received features
from ego vehicle from CAV k

Eo | f J i
.Fu-ﬁf:’,llll tivtg

4 [CorruaBaIt:hNorm-ReLLl ]\‘

[CorrwBaIc;i'lNorm-ReLU]

[CorrvaBaIt:hNorm-ReLLl]

| Dense-RelU |
\_ [ Softmax | )
v

Adaptive weight, W,

Weighted feature = _
for CAV k ;.

Figure 5.4: CAV-level weighting processes.
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During the collaboration, after the ego vehicle receives shared features from other
CAVs via the V2V communication channel, a CAV-level weighting network is firstly
employed to address channel distortions. This network suppresses excessively distorted
features and filters out outliers by assigning them very small weights, while features
with minimal distortion are assigned larger weights. This process effectively reduces the
impact of channel distortion, ensuring a more reliable and accurate feature fusion in

subsequent stages. The weighted features of the 2-th CAV can be obtained by

Wy = egweighting(fego,%k) (5.26)

£, =t (5.27)

where f,4, and i’k € RBXCxHXW denote the intermediate features from the ego vehicle
and the k-th CAV, respectively, %,¢;gnting denotes the adaptive weighting module, #}, €
RB*1x1x1 denotes the output weight for received feature of each CAV, and f; denotes
the weighted feature. Figure 5.4 illustrates the workflow of the CAV-level weighting
mechanism. We extract the weights using Conv2D-BatchNorm-ReLU blocks, the output
of the former blocks is then processed by a linear dense layer and a Softmax operation.
The linear dense layer is designed to accelerate faster convergence and address the
vanishing gradient problem, while the Softmax function generates the regression-based
weighting results. Consequently, the CAV-level weightings are normalized to values
between 0 and 1 for each CAV.

The primary motivation is to leverage the complementary information embedded
within the features of other CAVs. While the ego vehicle and other CAVs typically share
similar data distributions and feature scales, especially under optimal communication
conditions, significant discrepancies can arise when the communication channel expe-
riences severe degradation. In such scenarios, the features from other CAVs diverge
substantially from those of the ego vehicle. These contrasting characteristics serve as
valuable inputs for the weighting module, enabling it to derive dynamic weights that

effectively respond to varying channel conditions and ensure robust performance.
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5.4.2 Pixel-level Denoise

Diffusion Process: q(z:|T. 1,)
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Figure 5.5: Pixel-level diffusion and denoising processes.

Figure 5.5 illustrates the pixel-level diffusion and reverse processes conditioned on the
distorted features. This denoising module is designed by leverage recent advances in
conditional diffusion probabilistic model (Lu et al., 2022) to recover and enhance distorted
information from other CAVs in pixel-level.

The vanilla T-step denoising diffusion probabilistic model (DDPM) (Ho et al., 2020)
comprises two main processes: (i) the diffusion process, in which Gaussian noise is
progressively added to the data over T' time steps (¢ =0 to 7'); and and (i7) the reverse
process, which reverses the diffusion process by removing the noise step-by-step(t =T
to 0). Similarly, given the intermediate features at other CAVs x( as clean data, the ego
vehicle side received features after V2V communication y as noisy data, the conditional
diffusion model consists of conditional diffusion process and conditional reverse process.
The diffusion process estimates the mixed noise between the transmitted clean feature
xo and received distorted feature y, then the reverse process generates denoised feature

maps.

5.4.2.1 Conditional Diffusion Process

In vanilla DDPM, the forward diffusion process q is conducted by gradually adding

Gaussian noise to the clean data xo and transferred to a latent variable with a Gaussian
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distribution of p(x7) = A(0,I) over T steps. The step-dependent variable of diffusion at
t-step is denoted as x;. By defining a variance schedule {1, B2,---, 1}, Wwe can control
the degree of noise injected at each step of the Markov chain that models the diffusion

process from x( to the T'-step variable x7.

T
qat, -+ xrlxe) = [ | qloelacs—1), (5.28)
=1
q(xglxs—1) = N (23 /1= Br -1, Be D). (5.29)

By incorporating the Gaussian model of q(x;|x;—1) into Eq. (5.28) and marginalizing

over {x1,x2,---,x;_1}, the resulting sampling distribution for x; is obtained as follows
q(xtlxg) = N x5/ @ x0,(1— @p)I), (5.30)

where a; =1-f; and a; =[1’_; as.

The above vanilla diffusion process starts from the distribution of other CAV side
clean data q(x), while for the conditional diffusion process, we incorporate the received
noisy feature y to act as the condition in each step. Specifically, the origin Gaussian

model g(x¢|xg) is replaced by a conditional diffusion process qconq(x¢1x0,y)

Qcond(Xtlx0,y) = N (xp;(L—m)\/ @ x0 + mer/ @ y,0:1). (5.31)

Here, we model the mean of variable x; in Eq. (5.31) as a linear combination of the
clean features x¢ and the noisy features y. The contribution of y is controlled by a
step-dependent ratio m;, which is initialized at m¢ = 0 and gradually increases to
approximately mr = 1. In this diffusion process, the clean intermediate feature xg is
gradually corrupted by adding the noise, conditioned on the noisy feature y, over T steps,
which finally forms the complex noise patterns under dynamic channel conditions. By

marginalizing y in Eq. (5.31), we obtain

Qcond(x¢lx0) = f qcond(x¢|x0, )0 y(¥|x0)d y, (5.32)
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Then the qond(x¢|xo) is equvalent to the original diffusion process in Eq. (5.30) when

8:=(1—a;)—mia,. (5.33)

5.4.2.2 Conditional Reverse Process

For the reverse process in the vanilla DDPM, the target features are generated by
T refinement steps, starting from the prior distribution p(x7) = A(0,I). The reverse
process is modeled as a Markov chain with learned parameters 6, and can be obtained

as follows

T

po(xo, -+, xr-1lxr) = [ | polae—1lxs). (5.34)
t=1

where pg(x;_1|x;) represents the learned conditional distributions that refine the features
step by step, gradually denoising them from Gaussian noise to recover the target features.
However, the following marginal likelihood, unlike the diffusion process, lacks a

closed-form solution.

polxo) = fpe(xo,“' ,X7-11%7) " Platent(XT)dX1.T. (5.35)

Consequently, the Evidence Lower Bound (ELBO) is employed to formulate an ap-
proximate objective function. Previous studies (Ho et al., 2020) have demonstrated that

enhanced generation quality can be achieved by minimizing the below equation.

T
c+ ) KkiExye l€—€o(v/@rxo++v/1—ase,t) ||§ . (5.36)
=1

where ¢ and x; are constants, and €y denotes the trained model employed to estimate
the mixed noise within x;. With Eq.(5.36) optimized, the corresponding reverse process

is given by

Polxs—11xe) = A (xp—1; g(xs, 1), Bel), (5.37)

where the mean pg(x;,t) is
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1 Bt
(xg,t) = —(x; —
Holxy o t T-a,

and the variance is a constant value of §;

€o(xt, 1)), (5.38)

5 1—ai1
t:

s P (5.39)

The vanilla reverse process described above starts with the prior distribution p(xr) =

A(0,I). The conditional reverse process predict x7 based on y as

pcond(ley) =N(xr,\/ar y,5TI)- (5.40)

Unlike Eq. (5.37), the conditional reverse process peond(*:—1lx¢,y) aims to predict the

variable x;_1 at ¢ — 1 step based on previous ¢ step variable x; and the noisy feature y:

pcond(xt—llxb y) = W(xt—l;/'l’e(xt)y7 t),gtl)a (541)

where &, is the variance which will be introduced later; to(xs,y,t) is the estimated mean
of x;_1. Specifically, a weighted sum of x;, y, and estimated noise € with the coefficient

Cxt> Cyt, Cet derives the mean:

Ho(xs,y,t) = CxtXy + Cyry — Cer€o(Xt, Y, 1), (5.42)
1-my 641 Ope-1 1
o=—— +(1-—my_ o 5.43
Cuxt T-mi1 5, Va+(1-my_q) 5, va, ( )
1- Vas_
cyt:(mt—lat_Matét—l) g L (5.44)
—mi-1 Ot
Ott-1 V1—ay
=(1 _ e 5.45
cet=(1-my_1) 5, var ( )
1-m; \2
5t|t—1:5t—(1—t) ai0¢-1, (5.46)
— M1
~  O#p_1%0
5t:M, (5.47)
O¢-1
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€g(xs,y,t) is the estimated mixed noise by the diffusion model and 5, denotes the variance
in the reverse process. In this reverse process, the diffusion model iteratively predicts
the mixed noise, starting from x7 and conditioning on the noisy feature y, to eventually
get the denoised feature x¢ after T steps.

By modifying the derivations in (Ho et al., 2020), the ELBO for the conditional

diffusion process can be expressed as

ELBO = ~Ey | Dk(qeona(@r1%0, )| Pratent(¥717)

T
+ ) Dg1(qcona(x¢—1lxz, %0, Ipo(xi—1lxs,3))
t=2

—log pg(xolx1,y)|. (5.48)

Before optimizing Eq. (5.48), we need to determine the form of q.onq(x¢|x:—1,y), which
can be derived by comparing the predefined form of Eq. (5.31) and the coefficients of

marginalized result to compute the exact coefficients of qcong(xlxs—1,y) as

1-m;
G cond(X¢lxs-1,y) = e/V(xt; T VaX-1
1- mi—1

1-m
—tmt—l) \/Etya(stlt—lI), (5.49)

+ (mt -
1-myq

where 6;-1 can be obtained via §; to satisfy Eq. (5.33):

2
—) oy (5.50)
1

Then, by combining Eq. (5.31) and Eq. (5.49), qqitf(x:-1|x¢,%0,y) can be derived by

combining Markov chain property with Bayes’ theorem:

qcond(xt—l |xt’x07y) =

1-m; 64— Osp—
W(xt—l;—tt—lvatxt +(1-mys-1) tg 1\/dt—1x0

1—mt_1 6t t
1- Va_ -
+(mt—16t_Mat5t—l) et y,5t1), (5.51)
1-msq Ot
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where 4, is the variance of qcond(x:—1lx¢,%0,y) and can be calculated by the following

equation.

~  Oy4_1%0
§p=—LE (5.52)
Ot-1
Finally, the ELBO in Eq. (5.48) can be optimized to
ELBO—c'+iK’[E VO eyt Y2 e o yt) 2 (5.53)
= = t'-%0,€,y Ji-a, Yy —X0 T-a, 0\X¢, Y5 , .

where ¢’ and «} are constants, and ¢ represents the Gaussian noise in x;. Compared
to Eq. (5.36), the conditional diffusion model eg(x;, v, ) extends its capbility by estimating

not only Gaussian noise € but also the non-Gaussian noisy y — x¢ within x;.

5.4.3 Joint Training Scheme for Weighting and Denoising

As shown in Figure 5.6, the proposed joint CAV-level weighting and pixel-level denoising
framework aims to offer an effective approach for fine-grained feature enhancements in

cooperative inference. As previously stated, the weighting module can be expressed as

Wy = fW(fegOafk ), (5.54)

£ =Wy -, (5.55)

where W, denotes the weighting output with a value from 0 to 1, f5 denotes the weighting
module, fog, and f, denote the feature from the ego CAV and the received feature from
the k-th CAYV, respectively, and fZ is the k-th weighted feature. One key reason for
adopting this module in the joint framework is the efficiency and adaptivity of using
one value to filter out severe distorted features. However, this simplicity comes with the
expense that some useful information in feature maps is also filtered out, reaching a
bottleneck to improve performance when there is mild distortion.

To this end, the pixel-level denoising module is subsequently adopted to address

information loss due to adaptive weighting and enhance features with moderate distor-
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Figure 5.6: The proposed joint weighting and denoising algorithm pipeline.

tion. As shown in Figure 5.6, the features processed by the weighting module are then

iteratively processed by the denoising module, which can be expressed as

£ = fo€)) (5.56)

where fk@ is the denoised features and fy denotes the denoising function based on the
U-Net architecture (Saharia et al., 2022).

The denoising module incorporates multiple network blocks, including ResNet-
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SelfAttention, upsampling convolution, and a composite block consisting of Group-
Norm (Group Normalization), Swish activation, dropout, and convolution, interconnected
through direct and skip connections. Specifically, the ResNet-SelfAttention components
are designed to effectively capture local features while simultaneously integrating global
contextual information, leveraging long-range dependencies by the attention mecha-
nism. The upsampling convolution layers progressively increase the spatial resolution
of feature maps, facilitating the reconstruction of data at finer resolutions during the
generative process. Skip connections link these upsampled features with features from
earlier layers, aiding in the recovery of fine details. Finally, the integration of group
normalization, Swish activation, dropout, and convolution provides robust handling
of noisy inputs at varying levels while ensuring feature consistency across iterative
denoising steps. The above learnable parameters are optimized through the generative

learning process.

5.4.4 Numerical Results and Discussion

In this section, we evaluate the performance of our proposed joint weighting and denois-
ing approach for cooperative inference in networked vehicular systems with various V2V

communication channels.

5.4.4.1 Simulation Setup

The simulation settings, including the dataset, baseline, communication settings, and
model training, are introduced in this section.

Dataset: To simulate real-world cooperative inference with V2V communication, we
exploit the V2V4Real dataset (Xu, Xia, et al., 2023), a large-scale, multi-modal dataset
collected from real-world vehicles and traffic scenarios for cooperative inference. This
dataset encompasses a variety of driving environments, including intersections, highway
entrance ramps, straight highway segments, and straight city roads, covering a total
distance of 410 kilometers. It includes 20K LiDAR frames and 240K annotated 3D

bounding boxes, providing a comprehensive foundation for both training and evaluation.
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Baseline: For the cooperative inference, PointPillars (Lang et al., 2019) with V2VNet
(T.-H. Wang et al., 2020) fusion module is used as the backbone for cooperative inference.

The benchmark models are as below:

¢ Single AV detection is adopted by using only the ego vehicle, which does not suffer

from distorted shared information, but also could not benefit from other CAVs.

¢ Cooperative inference without weighting and denoising (Coop) is trained using a su-
pervised learning approach with distortion in the loop, which includes a simulated

V2V communication channel.

¢ Cooperative inference with only CAV-level weighting (Coop-W) or only pixel-level
denoising (Coop-D) is adopted for the ablation study of the proposed joint weighting

and denoising approach.

Average precision (AP) is utilized as the performance metric, which calculates the AP at
different levels of thresholds in terms of the Intersection-over-Union (IoU).
Communication Settings: To validate the effectiveness of our model in different
communication conditions, we consider three types of communication models: (i) a
simulated Rician fading channel model, (ii) a realistic WINNER II channel model
(Bultitude & Rautiainen, 2007), and (iii) a non-stationary V2V channel model. A Rician
K -factor of 1 with free-space path loss is adopted for the simulated Rician fading. The
WINNER II channel model is implemented in an OFDM system with 64 subcarriers,
where the carrier frequency is set to 2.6 GHz with 24 propagation paths and a maximum
delay of 16. The non-stationary V2V channel model is simulated with time-varying
distortion for the noise and the estimation error of the CSI.

Training: Firstly, the adaptive weighting module is trained by the self-supervised learn-
ing scheme in (C. Liu et al., 2024). Subsequently, the diffusion model is trained with the
L2 loss function in Eq. (5.53). The U-Net architecture in (Saharia et al., 2022) is adopted
as the diffusion model which contains three residual blocks. The training noise schedule
is linearly spaced as f; € [1x 107*,0.035] with 50 diffusion steps. Besides, the fast sample

scheme (Lu et al., 2022) is used in the reverse process with the inference schedule
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[0.0001,0.001,0.01,0.05,0.2,0.35]. Furthermore, the non-stationary V2V channel is em-
ployed during the training phase. SNR of 15 dB is applied on the shared information
from other CAVs.

5.4.4.2 Performance in Various Wireless Channels

In this section, we evaluate the cooperative inference under three different channels:
(1) Rician fading, (ii) WINNER II, and (iii) non-stationary V2V channel. The model is
trained with the non-stationary V2V channel and tested on the Rician fading, WINNER
IT channel and the non-stationary V2V channel to validate its generalizability on unseen
channels.

As shown in Figure 5.7, the proposed Coop-WD model has the best robustness among
all evaluated models to severe channel distortion. Additionally, it achieves the highest
accuracy as channel conditions improve. Specifically, at an SNR of 30 dB, Coop-WD
achieves AP scores of approximately 70% at IoU=0.3, 60% at IoU=0.5, and 30% at
IoU=0.7. Even under challenging conditions with an SNR of —10 dB, it maintains AP
scores of around 55%, 50%, and 30% for the same IoU thresholds, respectively.

In comparison, single CAV perception, which relies solely on the ego vehicle’s own
sensing data to avoid distortions from shared information among CAVs, achieves consis-
tently low AP scores: 48% at IoU=0.3, 40% at IoU=0.5, and 22% at IoU=0.7, regardless of
the SNR. Coop-W, which employs adaptive weighting to filter out distorted information,
effectively mitigates the impact of severe channel impairments. However, it experiences
slight performance degradation at IoU=0.3, as its simple weighting mechanism can
result in information loss. On the other hand, Coop-D, leveraging a conditional diffusion
model for denoising, performs better than Coop in general but struggles to address
severe signal distortions as effectively as Coop-W. By integrating adaptive weighting
with diffusion-based denoising, Coop-WD combines the strengths of both approaches. It
mitigates severe channel distortions through weighting while leveraging the diffusion
model to reconstruct features and compensate for light distortion. This synergy enables

Coop-WD to consistently outperform both Coop-W and Coop-D across all SNR levels.
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Figure 5.7: Average precision under various channels. (a) Rician fading. (b) WINNER II.
(c) Non-stationary V2V channel.

Similar trends and results can also be observed in the realistic WINNER II channel and

the more complex non-stationary V2V channel, considering various dynamic factors of

CAVs.

5.4.4.3 Performance with Imperfect CSI and Different Path Loss Factors

In this section, the effects of imperfect CSI and different path loss factors are evaluated.
The effect of imperfect CSI is simulated by adding Gaussian disturbance to the CSI.

Figure 5.8 shows the performance of cooperative inference under imperfect CSI. It is
demonstrated that the proposed Coop-WD outperforms the single vehicle detection and
Coop without weighting and denoising in the presence of CSI errors. Also, Coop-WD is
more robust to the CSI errors than Coop.

Figure 5.9 shows the performance of the cooperative inference at 30 dB SNR for
varying path loss factors in the non-stationary V2V channel. In the range of path loss
factors from 1.0 to 2.25, the baseline and Coop-D approach experience a substantial

decline in accuracy, decreasing from approximately 67%, 60%, 22% to 12%, 11%, 0.3%
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Figure 5.8: Average precision with imperfect CSI.

for IoU=0.3, 0.5, and 0.7, respectively. However, Coop-W and the Coop-WD demonstrate
better robustness to changing path loss factors, where Coop-WD has a higher accuracy
than Coop-W due to additional diffusion-based denoising module. It is validated that the
proposed joint approach can enhance the system robustness to various communications

environments.

5.4.4.4 Performance under Time-varying Distortion

In this section, we further evaluate the robustness and adaptivity of the proposed method
under time-varying distortions. Specifically, we assume that the shared feature map
is divided by multiple time slots for transmission. During each time slot, Gaussian
disturbances are simulated separately for CSI errors and noise levels to model time-
varying dynamic distortions.

Figure 5.10(a) shows the cooperative inference performance under the effects of

noise variations over time. As ogyg increases to 10, the baseline, Coop, experiences a
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substantial performance drop, retaining only 50% of the original AP scores due to the
noise variation. In contrast, the proposed Coop-WD demonstrates a performance decline
of less than 5% in AP, showing its significantly better robustness against time-varying
noise variations. Similar trends and conclusions can be obtained for the variations of

CSI errors in Figure 5.10(b).

5.4.4.5 Qualitative Analysis

In this section, qualitative analysis with visual examples is provided for the ablation
study to validate the effectiveness of the proposed method in Figures. 5.11 and 5.12,
where the bounding boxes of ground truth and detection results are marked as red and

green, respectively.

* Comparison of the pixel-level Coop-D and the joint Coop-WD: Figure 5.11
compares the performance of Coop-D and Coop-WD on the same data frame. In

Figure 5.11 (a), Coop-D has false positive predictions, denoted by the red circles,
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Figure 5.11: Visualization examples of Coop-D (top) and the Coop-WD (bottom). (a) False
positive correction. (b) False negative correction.

due to channel distortions. However, the proposed Coop-WD can effectively avoid

these false positive predictions. In Figure 5.11(b), Coop-D fails to detect a moving

object denoted by the red circle, while the proposed Coop-WD successfully identifies

it.
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(b)

Figure 5.12: Visualization examples of Coop-W (top) and Coop-WD (bottom). (a) False
positive correction. (b) False negative correction.

e Comparison of the CAV-level Coop-W and the joint Coop-WD: Figure 5.12
illustrates the visualization comparison of the same data frame between Coop-W
and the proposed Coop-WD. Coop-D falsely identifies some areas without actual
objects as targets in Figure 5.12 (a) and failed to detect some targets in Figure
5.12 (b). However, Coop-WD has effectively addressed these false detections or

undetected results.

Furthermore, Table 5.3 compares each approach’s average runtime and model size.
Compared with the baseline without weighting and denoising modules, Coop-W increases
runtime slightly to 57.88 ms with minimal impact on model size; Coop-D raises runtime
to 131.25 ms and doubles the model size to 135.9 MB due to pixel-level feature processing.
Although reducing the model complexity is not the primary focus of this work, it is note-
worthy that Coop-WD achieves the best detection performance among the benchmarks
at the expense of higher computational cost. These findings provide valuable insights for
optimizing computational resource allocation in CAVs, particularly by prioritizing the

ego vehicle, while also identifying this as a challenge for future exploration.
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Average Runtime (ms) Model Size (Mb)

Coop 53.61 63.4
Coop-W 57.88 63.4
Coop-D 131.25 135.9

Coop-WD 137.45 135.9

Table 5.3: Comparison of runtime and size of the baseline without weighting and denois-
ing, Coop-W, Coop-D, and Coop-WD.

5.5 Summary

In this work, we have proposed a novel joint weighting and denoising framework, Coop-
WD, for enhancing cooperative inference in the presence of V2V channel impairments.
Self-supervised training for feature weighting and generative diffusion models for de-
noising are integrated. A hierarchical feature processing mechanism was introduced to
enhance features at both the CAV level and the pixel level, effectively mitigating the
adverse effects of all-level channel-induced distortions. The performance of the proposed
framework was evaluated across diverse channel models, including simulated Rician
fading, realistic WINNER II, and non-stationary V2V channels. Numerical results have
demonstrated that Coop-WD consistently outperforms standalone components (Coop-W
and Coop-D) and conventional benchmarks without weighting and denoising under all
conditions. It is also shown that Coop-WD not only mitigates severe signal distortions
but also enhances performance under mild impairments, delivering fine-grained improve-
ments to cooperative inference. Qualitative analysis with visualization examples have
also demonstrated the better robustness and effectiveness of Coop-WD in comparison of

Coop-W and Coop-D.
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6.1 Conclusion

This study addresses three urgent issues in cooperative model training and inference
for the perception task within the AD system including IRSUs and CAVs, ranging
from roadside sensor placement problems to communication-induced issues such as
data transmission delay, and channel distortions during the collaborative training and
inference process for the DNN-based detection model.

The first issue is how to leverage IRSUs in cooperative model training for the percep-
tion task within the AD system including IRSUs and CAVs. This issue was addressed by
a novel cooperative model training framework among CAVs and IRSUs for AD systems,
called RSFL framework. Two highlights along with this framework are a BSAP algorithm
which can strategically reduce (increase) the number of sensors in low (high) complexity
scenarios and a tailored multiple view federated distillation scheme, RSFL with BARL
algorithm, which can be used to derive the information gained from road supervision
and provide a fresh perspective on data annotation for the AD system. The results of
high-fidelity experiments of using this framework in the CARLA simulator show the
superiority of the proposed RSFL framework and BASP algorithm.
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The second issue is how to integrate the domain specific perception task for FLCAV
with V2X communication under practical communication topology among CAVs and
IRSUs. This issue was addressed by a system-level road-assisted FLCAV framework
and a multi-layer communication topology optimization algorithm which can reduce the
communication delay among CAVs and IRSUs and improve the communication efficiency
of the cooperative training process.

The third issue is how to enhance system robustness in the presence of competitive
communication impairments, and channel distortions. Three cooperative fusion schemes
regarding different levels of shared information have been estimated with V2V communi-
cation by considering communication noise, channel fadings, path loss, and imperfect CSI.
Based on the evaluation result (i.e., the performance degradation), it urgent to explore
a efficient approach to mitigate the adverse impact cause by V2V channel distortions.
This issue was addressed by a joint CAV-level weighting and pixel-level denoising frame-
work to mitigate the V2V channel distortion induced impact on cooperative inference,
which can enhance the cooperative inference with V2V communication with high level of
robustness. Specifically, this framework was proposed based on thorough evaluation of
conventional fusion schemes for cooperative inference with V2V communication under
various wireless channel conditions, including Rician fading, multi-path effects, and non-
stationarity and consideration of factors such as varying SNRs levels, path loss imperfect
CSI, and CAVs’ time-vary factors. Numerical results showed that intermediate-level
fusion by leveraging the features exhibits greater robustness to channel fading, varying
noise, and path loss than raw-data-level fusion and object-level fusion. The outcomes of
this study can significantly enhance the practicality of cooperative model training and

inference for the perception task within the AD system.

6.2 Limitations and Future Work

The rapid advancement of IRSUs and the increasing utilization of CAVs have led to

the development of various AV-related applications. Furthermore, with the commer-
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cialization of 5G wireless communication technologies, the transition towards 6G has
stimulated significant research efforts. Al has emerged as a critical technology for inte-
gration within CAVs and IRSUs, particularly in the context of intelligent transportation
systems. However, despite the considerable potential of Al-driven autonomous driving
technologies, their deployment remains limited due to ongoing technical and operational
challenges.

The proposed road-assisted cooperative model training system presented in this study
has been mainly validated in controlled simulation environments, and its adaptability to
real-world transportation systems remains underexplored. In particular, the performance
of the system in practical networked vehicular systems still requires comprehensive
investigation due to the presence of dynamic traffic patterns, unpredictable human
behaviors, and diverse environmental conditions in real-world scenarios. Furthermore,
computational efficiency and resource optimization challenges persist in integrating
CAVs and IRSUs, particularly in optimizing communication, processing power, resource
allocation, and data sharing to improve road safety and overall traffic efficiency in
intelligent transportation systems. In addition, concerns regarding data security and
privacy have become increasingly critical as Al-enabled AV applications significantly rely
on sensitive real-time data from multiple modalities. Addressing the above challenges
will ensure the reliable deployment of Al-driven solutions in AV systems. The specific

directions for future research are summarized as follows.

6.2.1 Real-world Roadside Infrastructures Deployment and

Validation

In Chapter 3, the proposed roadside sensors placement algorithm and RSFL learning
method were trained and validated over synthesized simulation data generated with the
CARLA simulation environment. Refining the proposed algorithm for real-world data
is equally important, as there is a domain gap between synthetic simulation data and
real-world data. This gap arises primarily from limitations in accurately modeling traffic

behavior and LiDAR rendering within simulators. Such discrepancies can lead to reduced
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scalability and adaptability when transitioning to real-world deployments. Moreover,
in practical scenarios, the deployment of CAVs and IRSUs often encounters computa-
tional constraints. This makes it crucial to design lightweight and efficient DNN-based
detectors that can work effectively in resource-limited networked vehicular systems. In
our current work (Chapters 3 and 4), we verified our novel framework and algorithms
using a simplistic wireless channel. While effective for initial validation, this model
does not fully account for the variability and interference that are commonly present in
real-world communication networks. Future work will focus on addressing these gaps
by incorporating realistic communication models into the cooperative model training
process. Furthermore, real-world validation through field trials and experimentation
with realistic networked vehicular systems will be essential to fully evaluate the perfor-
mance, scalability, and adaptability of the proposed methods in dynamic transportation

environments.

6.2.2 Task Offloading and Model Partition for Cooperative

Inference

In Chapters 3 and 4, we have explored the cooperative model training/updating process
with the collaboration of IRSUs and CAVs. The perception models are DNN-based models,
consisting of a large number of parameters. For instance, the SECOND detector contains
5 million parameters. Given the limited computational resources available on CAVs
and the constrained communication capacity of networked vehicular systems, achieving
real-time performance for cooperative model training and inference presents a significant
challenge. This challenge can be mitigated by leveraging the computational resources
available at the IRSU side by offloading computation-intensive tasks from CAVs to
roadside edge servers, thereby reducing the processing overhead on CAVs. However,
fully offloading such tasks often necessitates the transmission of large volumes of data
from CAVs to IRSUs. To address this, model partitioning for parallel processing offers
a promising approach for enabling efficient collaboration between DNN models with

large parameter sizes. As future work, we plan to develop efficient techniques for model

113



CHAPTER 6. CONCLUSION AND FUTURE WORK

partitioning and task offloading approaches to minimize overall latency between CAVs
and IRSUs, while also alleviating the computational burden on local CAVs. These strate-
gies are essential for ensuring the scalability and real-time performance of cooperative

inference and decision-making systems in AD environments.

6.2.3 Multi-modality Cooperative Perception

The work of Chapter 5 focused on LiDAR-based cooperative inference in the networked
vehicular system and leveraging learning-based V2V communications to enhance the
perception performance. While LiDAR offers reliable detection capabilities even in harsh
weather conditions, it comes with high power consumption and sensor costs, making
it a more resource-intensive option. Cameras, on the other hand, produce visual data
rich in color and texture information, which can effectively complement LiDAR’s point
cloud data, providing a more well-rounded solution for perception tasks. This presents a
promising avenue for exploring LIDAR-Camera fusion scheme in cooperative perception
systems, where a tailored compression and fusion algorithm should be developed to
optimize shared multi-modality information among CAVs, considering channel condi-
tions and bandwidth constraints. Additionally, Radar technology can serve as a valuable
component in this ecosystem, offering robust detection of objects, particularly moving
ones, in adverse weather conditions where cameras and LiDAR might struggle. Radar’s
ability to operate effectively in conditions like fog, rain, or snow can significantly enhance
perception systems, making it an essential element of cooperative perception frameworks.
Furthermore, leveraging multi-modality data from IRSUs, such as Radar-equipped sen-
sors, could provide critical real-time context, enhancing both the accuracy and efficiency
of the cooperative perception system. In future work, we will delve deeper into road-
assisted cooperative perception, incorporating multi-sensor fusion strategies involving

LiDAR, Camera, and Radar to improve overall system robustness and performance
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6.2.4 Active Perception

In Chapters 4 and 5, we focused on passive perception using DNNs-based detectors to
extract features from collected sensor data. In which, the CAVs’ trajectories were arbi-
trary, and the potential influence of the CAVs’ routing path on perception quality was not
considered yet. While effective in many scenarios, passive perception can be limited in
dynamic and cluttered environments due to occlusions or suboptimal sensor viewpoints.
In contrast, active perception aims to enhance the quality of sensor data by actively
adjusting the CAVs’ trajectories and sensor observation positions to optimize the per-
ception process. In future work, we will explore active perception strategies integrating
learning-based perception modules with optimization-based motion planning techniques.
By doing so, the system can dynamically adjust CAV routes and sensor placements
to avoid occlusions, thereby improving the accuracy and reliability of environmental
perception. This approach would allow CAVs to proactively seek optimal viewpoints,
enhancing situational awareness in complex traffic scenarios. Moreover, further research
is needed to investigate how active perception can be implemented efficiently in real-time,
particularly in highly dynamic environments. The combination of robust perception and
motion planning is essential for achieving resilient and adaptive perception in cluttered

and occlusion-prone urban settings.

6.2.5 Privacy Preserving for Cooperative Inference

In Chapter 5, we explored the impact of channel distortion on cooperation among CAVs
in networked vehicular systems. In addition to channel impairment, it is also essential
to explore the impact of various malicious attacks among CAVs. Such attacks pose
significant risks to the safety of CAVs, potentially leading to accidents or disruptions
in traffic flow. Large-scale disruptions caused by malicious attacks on Al-enabled AD
systems could lead to significant economic ramifications, including expenses related
to traffic accidents, IRSUs repairs, system restoration, and potential legal liabilities,

placing a considerable financial strain on society. Understanding the implications of
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these security breaches is critical in revealing the vulnerabilities of communication
networks for CAVs and highlighting the urgent need for the development of secure and
resilient AD systems. Furthermore, the nature of Al-enabled applications in intelligent
transportation often entails the collection and analysis of vast amounts of personal data,
raising serious concerns about user privacy. In the context of cooperative inference, this
may involve the collection of sensitive data such as location information, and driving
patterns. In future work, we will focus on developing privacy-preserving frameworks
that strike a balance between utilizing this data to enhance system functionality and
upholding individual privacy rights. Ensuring the security and privacy of Al-driven CAV
networks will be pivotal to the widespread adoption and trustworthiness of intelligent

transportation systems.

6.2.6 V2X Communication Channel Models for Cooperative

Perception

In Chapters 4 and 5, we have examined how data transmission and signal distortion
affect cooperative model training and inference. The communication models currently
rely on free-space or long-distance path loss assumptions, which are insufficient for
capturing the dynamic properties of V2X channels. The static positioning of IRSUs
differentiates V2I communication from V2V, and the propagation characteristics of the
V2I channel are still not thoroughly researched. Further studies should explore more
advanced V2X channel models to facilitate more realistic communication frameworks for

road-assisted cooperative model training and inference in ITS.

6.2.7 Physical Experiment in Real-world Devices

While in Chapters 4 and 5 the theoretical foundations and simulation of the proposed al-
gorithm have shown promising outcomes, our next step will involve physical experiments
using real-world devices, e.g., robots or vehicles, to validate the practical feasibility and

robustness of the algorithm in the dynamic traffic environments. The insights gained
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from these experiments will guide further optimization of the algorithms and inform
future advancements in the field, bridging the gap between theoretical research and

practical applications.
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