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Chapter 1

Overview

Pedestrian safety has become a critical concern due to the higher risk of serious injury they
are prone to in traffic accidents. In the United States, the situation has reached alarming levels,
with pedestrian fatalities increasing dramatically over the past decade. According to the Governors
Highway Safety Association (GHSA), pedestrian deaths rose from 4,280 in 2010 to an estimated
7,508 in 2022, a staggering 77% increase [1]. This surge far outpaces the 25% rise in total traffic
fatalities during the same period, highlighting a disproportionate risk to pedestrians. The severity
of this issue is further emphasized by 2022 seeing the highest number of pedestrian deaths since
1981. On average, 20 pedestrians lose their lives daily while engaging in routine activities such
as commuting, running errands, or exercising. Intersections, where complex interactions occur
between various road users, are particularly dangerous. Approximately one-quarter of all traffic
fatalities and nearly one-half of all traffic injuries in the US occur at intersections [2].

To improve traffic safety, one promising approach is to advance the level of autonomy in
vehicles. This strategy aims to mitigate human-specific problems such as distracted driving and
impaired driving. Autonomous vehicles rely heavily on computer vision algorithms applied to data
from sensors (e.g., RGB cameras, radar, and LiDAR) which are employed to detect and identify
objects within the driving scene.

Although these algorithms perform well in detecting larger objects like vehicles, they struggle
to accurately identify pedestrians and other vulnerable road users. LiDAR provides accurate 3D
representations of objects, but falls short in semantic interpretation. LiDAR also may not give
enough points for smaller objects such as pedestrians. Cameras offer rich semantic details, but
they have limitations in measuring depth accurately. To overcome the deficiencies inherent in
single-sensor processing, multisensor fusion techniques are being devel- oped. These methods
integrate data from multiple sensing modalities to form a comprehensive and reliable perception
system. This fusion aims to combine the depth information of LIDAR with the detailed semantic
information from the cameras, thus creating a more complete and nuanced under- standing of
the driving environment [3]. Although progress in single-vehicle perception has been notable,
it exhibits significant shortcomings, notably in its limited sensing range and susceptibility to
occlusions [|4]. Single-vehicle perception performance degrades in the presence of occlusions caused
by other vehicles or obstacles. Distant objects often provide sparse measurements; for instance,
they might only cover a few pixels in images or constitute a small number of points in LiDAR point
clouds. In addressing the challenges of occlusions and long-range issues, the concept of collaborative
perception (CP) has gained traction within the autonomous driving community. This paradigm
extends beyond the single vehicle perception system, allowing for a collective approach through
vehicle-to-everything (V2X) communication technologies. Through connected and autonomous
vehicles (CAVs) and smart infrastructure, collaborative perception aims to forge a more expansive

and integrated sensory network, where vehicles, infrastructure, and other entities in the traffic




ecosystem share complementary perception data. CP aims to construct a more complete and
dynamic representation of the traffic environment, enhancing the decision-making capabilities of
autonomous systems.

In line with the vision of the US DOT for pedestrian safety, as well as for a more connected
autonomous vehicle approach, this work focuses on investigating existing pedestrian detection
challenges, the potential of collaborative or cooperative perception to further improve pedestrian
detection, and the impact of communication on collaborative perception. In Chapter 2, we discuss
challenges in pedestrian detection and introduces a collaborative perception approach for improving
pedestrian detection. Chapter 3 studies the impact of communication on performance of Lidar
based collaborative perception on state of the art collaborative perception method. In Chapter
4, we discuss the potential of state-of-the-art vision language models for better understanding the

pedestrian’s trajectory and behavior around intersections.



Chapter 2

Pedestrian Detection Via Collaborative Perception

2.1 Introduction

2.1.1 Challenges in Pedestrian Detection

Autonomous driving technology has made significant progress in recent years. However,
ensuring the safety of pedestrians through accurate detection remains a significant challenge.
Current systems exhibit a notable performance gap in detecting pedestrians and other Vulnerable
Road Users (VRUs) compared to larger objects such as vehicles. This performance disparity is
illustrated in Figure [2.1] which shows the average AP values for cars, pedestrians, bicycles, and
motorcycles for various distance thresholds ranging from 0.5 to 4.0 meters. Average Precision (AP)
is calculated based on the precision of object detection at various distance thresholds. Precision is
defined as the ratio of True Positives (TP) to the sum of True Positives and False Positives (FP).
The definition of a True Positive varies with the distance threshold (d), which in this evaluation
is considered at four specific distances: 0.5m, 1m, 2m, and 4m. A detection is considered a True
Positive if the center of the predicted bounding box is within the specified distance d from the
center of the ground truth bounding box. The AP value reported in the figure is the average of
the precision values calculated at these four distance thresholds. This multi-threshold approach
provides a comprehensive evaluation of the detection model’s performance, balancing the need
for precise localization (at 0.5m) with more lenient criteria (up to 4m) that may be relevant in
certain autonomous driving scenarios. The figure thus illustrates how different object classes (cars,
pedestrians, bicycles, and motorcycles) perform across these varying levels of localization strictness,
offering insights into the model’s capabilities and limitations in detecting and accurately positioning
different types of road users. The final AP indicated shows the average of AP@{0.5,1,2,4} meters.
The performance on cars consistently outperforms all other categories across all distance thresholds,
with the highest AP of about 0.83 at 4.0 meters. Pedestrians show the second-best performance
among VRUs, but their detection accuracy declines more steeply than cars as the distance threshold
decreases, i.e., as we demand smaller distance between the estimated object location and ground
truth location of that object. Motorcycles and bicycles demonstrate lower AP values overall, with
bicycles showing the poorest detection performance across all thresholds.

Several factors contribute to the underperformance of the computer vision methods on pedestrians
and other VRUs.

e Dataset bias: Existing datasets tend to have more vehicle instances compared to VRUs,
skewing detection algorithms towards larger objects. This imbalance results in models
that are better trained to recognize and localize vehicles, while underperforming on VRUs.
Creating more balanced datasets that accurately represent the diversity and frequency of

VRUs in real-world traffic scenarios is important for improving detection algorithms.
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Figure 2.1: Detection performance comparison across object classes. Average Precision (AP) of
top 5 models in the nuScenes [3] Vision track challenge as a function of detection distance threshold
(as of February 2024).

e Physical characteristics: Pedestrians and other VRUs present unique challenges due to
their smaller size, which leads to fewer representative pixels in the images and increased
susceptibility to occlusion. This makes it difficult for current detection systems to accurately
identify and track VRUs, especially in cluttered urban environments. Developing algorithms
that can better handle small-scale objects and partial occlusions is essential for improving
VRU detection.

e Movement patterns: VRUs exhibit less predictable movement compared to vehicles, which
typically follow established traffic rules and road layouts. This unpredictability makes
it challenging for current systems to anticipate and track VRU movements accurately.
Improving trajectory prediction models and incorporating more sophisticated behavior

modeling for VRUs could enhance detection and tracking performance.

e Environmental factors:Detection performance often degrades significantly under
challenging conditions such as poor lighting, sun glare, or extreme obstructions. These
conditions are particularly problematic for VRU detection due to their smaller size and
variable appearance. Developing robust algorithms that can maintain high performance
across a wide range of environmental conditions is crucial for reliable VRU detection in

real-world scenarios.

The widening performance gap between vehicles and VRUs at more stringent distance thresholds
highlights the challenge of precise localization for smaller, more dynamic objects. This underscores
the need for improved detection algorithms and training strategies specifically tailored to enhance
the accuracy of VRU detection in autonomous driving systems. Addressing these challenges
is crucial for improving pedestrian safety and advancing the overall capabilities of autonomous
vehicles. This chapter explores approaches to improve VRU detection, with a focus on collaborative
perception techniques that aim to mitigate these limitations and improve pedestrian safety in

autonomous driving scenarios.
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2.1.2 VRU-Specific Detector Vs Generic Detector

In order to study the need for training algorithms tailored to pedestrians, cyclists, and
motorcyclists, we used DeepAccident dataset to compare the baseline model trained with six
classes to a VRU-specific specific detector. The baseline DeepAccident model has car, truck, van,
cyclist, motorcyclist, and pedestrian classes. A comparison is made with a VRU-specific model

trained with 3 classes, namely pedestrian, cyclist, and motorcyclist.

DeepAccident DeepAccident is introduced for end-to-end motion and accident prediction
tasks on the autonomous vehicle side, along with various perception tasks in V2X
(vehicle-to-everything). It contains a dataset recorded from four vehicles and one infrastructure

each with six cameras at the intersection. In our experiment, we used samples with VRU classes

AP on DeepAccident Dataset

mmm DeepAccident (Baseline)

0.20 4 VRU Specific Detector
4
2
o 0.25 4
3
_—
)
< 0.20
S
~N
< 0.15 A
L
]
< 0.10
@®
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<

0.05

0.00 -

motorcycle cyclist pedestrian

Class

Figure 2.2: Performance of model trained on only three VRU classes versus generic DeepAccident

baseline model trained on six classes

(pedestrians, motorcyclists, and cyclists) to compare the performance of a model specifically trained
with VRU classes with the performance of a generic baseline model trained with six classes, namely
car, truck, van, cyclist, motorcyclist, and pedestrian.

Figure 2.2] demonstrates the performance improvement gained by training a VRU-specific
model. The model trained with pedestrians, cyclists, and motorcyclists outperformed the baseline
model in AP@{0.5,1,2,4} meters for all three classes, suggesting the need to design VRU specific
detectors. It also shows that there is a performance difference between the three classes. This can
be attributed to the class imbalance problems in the dataset, as the number of pedestrian instances
is greater than that of motorcyclists and cyclists.

To address this gap, we investigate a computer vision approach that enhances pedestrian
detection through camera-only collaborative perception. This involves using synchronized cameras
in both vehicles and infrastructure to cooperatively detect pedestrians at intersections. Due to
the unavailability of annotated real-world datasets collected in a collaborative setup, we generate
synchronized vehicle and infrastructure-side video using the high-fidelity CARLA simulator. This
synthetic dataset is then used to train and evaluate deep learning algorithms for pedestrian
detection in a collaborative setting. Our preliminary results demonstrate the potential of CP

to significantly improve pedestrian detection. Our main contributions include the following:

e We first discuss in detail the concept of collaborative perception and review related works in
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detail

e Creating a synchronized dataset from both vehicle and infrastructure perspectives,

specifically tailored for pedestrian detection under normal and challenging conditions

e Developing a vision-only collaborative perception technique focused on pedestrian detection

2.2 Toward Collaborative Perception

Collaborative perception has emerged as a vital component in improving vehicle safety
and navigation. This paradigm uses collective sensory input from surrounding vehicles and road
infrastructure to create a comprehensive understanding of the environment, mitigating limitations
such as limited field of view and occlusion. Collaborative perception can be camera-only [6],
LiDAR-only (7, [§], or involve fusion of processed image and LiDAR point cloud features. In
terms of data sharing and collaboration stage, collaborative perception in autonomous vehicles
can be categorized into early fusion, intermediate fusion, and late fusion. Collaborative perception
has become an important option for in improving vehicle safety and navigation. This paradigm
leverages the collective sensory input of multiple agents, such as vehicles and infrastructure,
through vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I) and vehicle-to-everything (V2X)
communications, fostering a more comprehensive understanding of the driving environment by
improving the capabilities of individual agents by mitigating limitations such as limited field of
view and occlusion. There are three types of CP, early fusion, intermediate fusion, and late fusion,
based on the data sharing and fusion stage [9]. Fig illustrates the three collaborative stages.

2.2.1 Fusion Types

e Early Fusion: Early fusion involves the exchange of raw-level data, such as images or LIDAR
point clouds. This method requires higher communication bandwidth due to the transmission
of unprocessed raw data. While it potentially offers better performance by allowing each
agent access to the most complete information, it comes with significant drawbacks. The
high bandwidth requirement can be a limiting factor in real-world applications. Additionally,
this approach necessitates substantial processing capability at all agents to handle the raw

data, which may not always be feasible or cost-effective.

e Late Fusion: Late fusion involves transmitting the final perception outputs, such as
detection bounding boxes. This approach requires less bandwidth than early fusion, making
it more efficient in terms of data transmission. However, it may lead to processing and
transmission delays, as the data is processed by each agent before sharing individual agent’s
perception outputs. While late fusion is bandwidth-efficient, it has its own set of challenges.
The transmission delay can be critical in time-sensitive applications, and the need for

processing capability at all agents remains a consideration.

e Intermediate Fusion: Intermediate fusion represents a balance between early and
late fusion methods. Each agent processes the raw data into intermediate features
and then compresses them before transmitting. This approach aims to strike a better
performance-bandwidth trade-off. By exchanging processed features rather than raw data
or final outputs, intermediate fusion can potentially offer a good compromise between the
high performance of early fusion and the bandwidth efficiency of late fusion. This method
allows for more flexibility in managing the balance between data transmission and processing

requirements.
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Figure 2.3: Schematic representation of the three fusion types in collaborative perception [10]:
(a) Early collaboration, where raw data is shared directly; (b) Intermediate collaboration, where
features extracted from raw data are shared; and (c) Late collaboration, where only final results

are shared among agents.

2.3 Related Work

2.3.1 Pedestrian Detection

Accurately detecting vulnerable road users (VRUs), such as pedestrians, cyclists, and
motorcyclists continues to be a significant challenge for autonomous vehicles (AVs). While
the main focus is detecting road vehicles, pedestrians are the most explored among the
VRU classes. Works on VRU perception involve a pure camera-based approach, fusing from
multiple sources and different V2X-based data exchanges between the VRUs and the vehicles,
showcasing a range of approaches from communication technologies to machine learning and

computer vision.

In [11], a computer vision-based system is proposed for recognizing VRU hand signals, using
CNN for enhanced detection accuracy. [12] introduced machine learning-based movement
models for predicting VRU behavior, demonstrating improved trajectory prediction [13]
developed a deep generative model for detecting interactions between vehicles and VRUs
at intersections, using a conditional variational auto-encoder. [14] conducted an extensive
study on the parameters affecting VRU detection in ADAS, highlighting the complexity
of VRU appearances and behaviors. The PROSPECT project [15] proposed a method
to improve active VRU safety systems by integrating various data sources and developing
advanced sensor processing and intervention strategies. |[16] emphasized the importance of
simulation software in the development of VRU detection systems, combining radar and
vision sensing for effective pedestrian and cyclist detection. [17] introduced an approach
using mobile phones for vehicle-to-VRU communication, enhancing the detection and safety
of VRUs. |1§] proposed a multi-sensing and communication approach, leveraging smart city
sensors and vehicle and VRU data for predicting potential collisions. [19] evaluated the
performance of V2X communications technologies in enhancing VRU safety, particularly in
urban intersection scenarios.|20] discussed the effectiveness of messaging protocols in V2X
communication for VRU protection, emphasizing the combination of sensor data sharing and

active VRU transmissions.
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2.3.2 Collaborative Perception

Collaborative perception has emerged as a vital component for enhancing vehicle safety and
navigation. This paradigm leverages the collective sensory input from multiple agents, such
as vehicles (V2V), vehicle to infrastructure (V2I), and vehicle-to-everything (V2X), to create
a comprehensive understanding of the environment by improving the capabilities of individual

agents by mitigating limitations such as limited field of view and occlusion.

The majority of studies focus on using one type of sensor for collaboration. Methods like
Robust V2V [21], V2VNet [22] and Adversial V2V [23] use point cloud input for detection,
prediction, and planning tasks of autonomous vehicle via intermediate (feature-level)
collaboration. DiscoNet [10] uses a mix of early and intermediate collaboration with
collaborative graph representation. Other LiDAR-only collaborative perception works
include AttFuse [24] which introduced attention-based intermediate V2V collaboration,
In similar work, V2X-ViT [25] introduced vision-transformer-based collaboration, while
SyncNet [26] studied latency-aware collaboration in addition to attention-based fusion. Other
research such as Where2comm |[27] focused on reducing communication bandwidth needs
without affecting performance. Coopernaut [28] explores end-to-end driving via cooperative
perception. MPDA [29], and DI-V2X [30] delved into collaboration with unidentical agents.
CoAlign [21] introduced a collaborative scheme robust to unknown pose errors, |31], DUSA
[32] explores sim2real adaptation in cooperative perception. CO3 [33] studied unsupervised
contrastive learning for vehicle-infrastructure point cloud features collaboration. UMC
[34] focuses on multi-resolution collaborative learning. SCOPE [35], CORE [36], FFNet
[37], CoBEVFlow [38], FF-Tracking [39], and AR2VP [40] contribute to detection and
segmentation tasks focusing on vehicles’ navigation. While almost all previously listed works

focus only on vehicles, AdaFusion [31] gives focus to pedestrian detection as well.

To further improve perception performance in cooperative settings, recent multi-modal
intermediate-level fusion approaches explored LiDAR-camera fusion for each agent. CoBEVT
[41] and CoBEVFusion [42] demonstrated that bird’s-eye view fusion can significantly
improve segmentation and detection tasks in a cooperative setting, HM-ViT [43] introduced
graph transformer for lidar-camera fusion and between agent’s interaction, LAV [44] used
multi-modal sensor reading for perception and planning in CARLA driving challenge. Due
to the high cost of LIDAR and the ability of the camera-based approach to mimic human-like
perception, recent work focuses on camera-only collaborative perception. QUEST [45],
CoCa3D [46], V2XFormer [5] use camera-only collaboration. In other application, When2com

[47] for collaborative robotic learning from aerial RGB image.

Datasets and simulators have been equally crucial in propelling research in this domain.
Emphasis is being given to diverse and high-quality synthetic data generated on CARLA
and real cooperative datasets as well to advance this specific field. They provide the realistic
scenarios and benchmarks required to train and evaluate collaborative perception models.
V2X-Sim [48], DeepAccident [5] and DAIR-V2X [49] are noteworthy contributions, offering
a large-scale setting for vehicle-infrastructure cooperative 3D object detection. Similarly,
OPV2V has become a standard benchmark for assessing the performance of LiDAR-based
multi-agent perception systems enabling researchers to simulate and evaluate complex V2X

interactions.

Within the scope of current collaborative perception research, both datasets and algorithms

predominantly concentrate on vehicle-related tasks such as detection, tracking, and motion
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forecasting. However, this focus has inadvertently resulted in less robust perception
capabilities for other road wusers, including pedestrians, cyclists, and motorcyclists.
Addressing this disparity is important for a more comprehensive and safer understanding

of the road environment.

2.3.3 Perception Uncertainty

Estimating perception uncertainty is critical for AV perception. The estimated uncertainty
is used to measure robustness under challenging conditions, fuse perception from multiple
sensors (lidar, camera, radar, etc) [50], [51], [52] as well as to exchange perception results
from multiple agents. [50] introduced a method that combines multi-source perception
fusion and deep ensemble for real-time evaluation in autonomous vehicles. This approach
assesses the effectiveness of single-frame perception results and spatial uncertainty of detected
objects. Similarly, [51] presented Uncertainty-Encoded Mixture-of-Experts (UMoE) for
LiDAR-camera fusion, which uses MC dropout to effectively incorporate single-modal
uncertainties into multi-modal fusion, enhancing object detection under various challenging
conditions. Additionally, [53] addresses the domain drift problem in autonomous driving with
a domain adaptive object detection algorithm based on feature uncertainty. Their approach,
which includes a local alignment module and an instance-level alignment module guided
by feature uncertainty, shows improved detection performance in unlabeled data. These
methods show the purpose of perception uncertainty in autonomous driving, in tackling key
challenges of multi-modal fusion, robust detection, and domain adaptation, and paving the

way for more reliable and accurate autonomous driving systems.

2.4 Proposed Approach

This section outlines our methodology for generating a comprehensive dataset using the
CARLA simulator and employing it for collaborative pedestrian detection. We first describe
the dataset generation process, detailing the simulation setup and data collection techniques.
Following this, we introduce the collaborative perception method, emphasizing the per-agent
detection unit and the subsequent fusion of detection results from multiple agents to enhance

accuracy and robustness in complex urban scenarios.

2.4.1 Dataset Generation

An annotated, synchronized vehicle and infrastructure side dataset that covers a wide range
of scenarios involving pedestrians is currently not available. Thus, a multi-camera and
multi-agent dataset that focuses on pedestrians is generated using the high-fidelity CARLA

[54] simulator.

CARLA. CARLA (Car Learning to Act) is an open-source simulator for autonomous
driving research. It provides a high-fidelity virtual environment built on the Unreal Engine,
offering realistic urban settings with various weather conditions, vehicles, and pedestrians.
CARLA, as illustrated in Figure 2.4] allows for the generation of synchronized multi-agent
data, including multiple camera views from both vehicles and infrastructure, LiDAR point

clouds, depth maps, semantic segmentation, instance segmentation, and bounding boxes for
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objects. The simulator can be controlled via Python scripts, enabling customized scenario
creation and data collection. This flexibility makes CARLA ideal for generating diverse data
sets tailored to specific research needs, such as collaborative perception scenarios geared

toward pedestrians.

A python ‘

a}

— @ python [

- ‘ @ python ‘

[a puthon |

Simulator User scripts

Sensors Annotated Results

Figure 2.4: CARLA simulator setup for collaborative perception dataset generation. The simulator
provides a realistic urban environment, while Python scripts control scenario generation. Various
sensor outputs and annotated results are collected, including RGB images, depth maps, semantic

segmentation, and bounding boxes.

Agent and sensor setup. Figure illustrates an example of how vehicles and
infrastructure units with cameras mounted on them are placed at the intersection. Each
vehicle and infrastructure unit is equipped with six cameras working at 20 fps frame rate.
Each camera has a field of view (FOV) of 70°, except for the back camera, which has an FOV
of 110°, following the nuScenes data collection framework. Each image is tagged with
timestamp and saved at a 10Hz interval rate. The dataset covers different scenarios such
as occlusions and non-line-of-sight situations, crowded pedestrian scenes, diverse weather
conditions and different times of the day (noon, sunset, etc.), and varying speeds and profiles

of pedestrians.

2.4.2 Camera Only Collaborative Pereption Method
Per Agent Detection Unit

We adopt V2XFormer [5] as birds eye view (BEV)-based 3D detection method for single-agent
detection. It involves processing each image sequence with the image view encoder and
transforming it into BEV features in each agent. Then, the BEV feature is fed to the
detection head, which results in bounding box candidates and a spatial heatmap that serves

as detection confidence.
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Figure 2.5: Dataset generation setup and sample images. Left: Bird’s-eye views
of intersections showing infrastructure (green) and vehicle (blue) agents, each equipped with
six cameras. Right: Four sample images showcasing diverse scenarios: rainy conditions
(top-left), nighttime scene (top-right), sun-glare effect (bottom-left), and sunny daytime traffic
(bottom-right). Blue bounding boxes indicate pedestrians. These images demonstrate challenging
scenarios including occlusions, varying lighting conditions, and complex urban environments,

crucial for training robust collaborative perception models.
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Figure 2.6: Multi-frame image processing pipeline for 3D object detection for each agent,
based on . The workflow includes image-view encoding, view transformation, and ego-motion
compensation across multiple time frames (t, t-1, ..., t-N+1) for N past frames. A spatio-temporal
BEV encoder processes these inputs to generate BEV features. The decoder then produces a

confidence map and 3D bounding boxes.

Image Encoding

Given a sequence of T frames from agents N, each equipped with six cameras, every
frame from each camera is encoded into a rich and dense representation of features F,
F € RH XW xC " where H /,VV/7 C' are the height, width, and channel of the characteristic

of the image.

Image Features to BEV Transform

Each image feature of T frames is discretized into a pseudo-density point cloud. Then, the
temporal data is encoded, and past features are warped to the current reference frame using a
spatiotemporal encoder that extracts spatial and temporal information using 3D convolution,

resulting in aligned BEV features for each agent.
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Detection & Confidence Estimation Head

The detection head consists of convolutional blocks that generate unfiltered 3D bounding
boxes. Additionally, it includes a learnable heatmap prediction block that outputs a Gaussian
heatmap representing the detection confidence. The heatmap is created with a Gaussian
kernel of radius r and standard deviation ¢ with the peak at the center of the bounding box.
This allows a fine-grained understanding of the detection performance across different spatial

regions and fusion based on that.

zzzzzzzzzz
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Figure 2.7: Collaborative perception for pedestrian detection. FEach agent captures
sequences of images that are encoded into image features from the six cameras. These features are
subsequently converted into Birds-Eye-View (BEV) representations. The BEV features are fed into
a 3D detection head that estimates per agent 3D bounding box detection (Det.) and detection
confidence (Conf.) as shown in which is then transformed with transformation matrix [R, t]

into the main unit for cooperative prediction.

2.4.3 Vehicle-Infrastructure Collaborative Detection

The detection results from multiple agents (vehicles and infrastructure) are fused based on
confidence estimates in the Gaussian heatmap. Each agent produces a confidence heatmap
and a list of 3D bounding boxes that are not filtered with Non-maximum Suppression (NMS).
After the confidence map and candidates for the bounding boxes of each agent are transformed
into the main cooperative unit, the final bounding box is obtained by choosing the result
from the agent with the highest spatial confidence for that bounding box. This fusion process
is guided by confidence levels, ensuring that more reliable detections have a greater influence

on the combined detection output.

2.5 Numerical Experiments

Collaborative perception setup: Each frame has a resolution of 1600x900 which is resized
to 224x224 and fed to the image backbone, resulting in a spatial dimension of 704x256. The
image features are then transformed into a BEV feature transformation of grid size 1024x1024,
corresponding to an actual ground area of 102.4x102.4 meters around the agent. We first
train a single agent detection baseline and then study the impact of adding collaborative

agents.
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2.5.1 Preliminary Results and Discussions

Figure illustrates the average precision (AP) calculated for pedestrian detection in a
collaborative setting and compares it with the performance of a single agent. The single agent
vehicle or infrastructure side AP is calculated as the average over all six agents’ detection
results. For collaborative setup, using infrastructure as the main unit, we gradually add
one agent at a time and record the AP. Performance has steadily improved as the number
of collaborative agents increases going from AP of 0.34 for the single agent case to 0.51
when all the agents participate in the fusion process. This preliminary result suggests that
a collaborative vehicle-infrastructure system, where vehicles and infrastructure share their

perception results, can considerably improve pedestrian detection performance.

3D AP for Individual Agent vs Different Fusion Configurations
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Figure 2.8: Collaborative perception performance. Average Precision (AP) improves as the number

of collaborating agents increases. Starting from a single agent or average of vehicle-only or

infrastructure-only (AP = 0.34), performance improves with vehicle-infrastructure collaboration

(AP = 0.41), reaching the best performance when all 6 agents (4 vehicles and 2 infrastructure

units) collaborate (AP = 0.51). V and I represent vehicle and infrastructure, respectively

2.6 Conclusion

This chapter presented a camera only collaborative perception approach to pedestrian
detection. We generated a synthetic dataset using the CARLA simulator, designed for
collaborative perception scenarios mainly involving pedestrians. This dataset aims to address
the current lack of annotated, synchronized vehicle and infrastructure data for pedestrian
detection in a collaborative perception set-up. We then proposed a camera-only collaborative
perception method that utilizes these multi-agent data. Our preliminary experiments
indicated an improvement in Average Precision (AP) when using collaborative perception
compared to single-agent detection. While these initial results are promising, further research
is needed to fully validate the approach. This work represents a step towards enhancing
pedestrian detection in autonomous driving systems, potentially contributing to improved

safety for vulnerable road users in urban environments.



Chapter 3

Impact of Communication Limitations on Collaborative

Perception

3.1 Introduction

As discussed in Chapter 2, the use of vehicle-to-everything (V2X) communications for
sensor data exchange is emerging as a crucial strategy for enhancing pedestrian safety.
Collaborative perception (CP) transcends single-vehicle perception systems, enabling a
collective approach through V2X communication technologies. By leveraging connected
and autonomous vehicles (CAVs) and smart infrastructure, CP aims to create an expansive
and integrated sensory network, facilitating the exchange of complementary perception data
among vehicles, infrastructure, and other entities within the traffic ecosystem. This allows the
construction of a more comprehensive and dynamic representation of the traffic environment,

thereby enhancing the decision-making capabilities of autonomous systems.

CP involves a complex multi—agentﬂ fusiOIﬂ process, which introduces several practical
challenges. For instance, communication latency and interruptions can significantly impact
perception performance, necessitating strategies to mitigate the effects of time delays.
Efficiency in collaborative perception is crucial, as the system must manage data exchanges
within bandwidth constraints without compromising the integrity and utility of shared
information. Moreover, collaborative systems are susceptible to adversarial attacks, requiring
robust defenses to ensure data reliability. Accurate alignment of data from multiple sensors is
also critical for maintaining CP performance, which can be affected by location errors between
collaborating agents. Additionally, integrating perception models from different vehicles
presents unique challenges, demanding advanced fusion techniques to manage discrepancies
and maintain overall system performance. Addressing these challenges requires a multifaceted
approach to ensure the seamless integration of collaborative perception into operational
systems. Consequently, managing communication limitations such as latency, bandwidth
constraints, collaborative agents’ location errors, and communication interruptions is
becoming increasingly critical. Most CP methods operate under the assumption of ideal
communication conditions, focusing primarily on improving perception performance. Despite
extensive research in CP, the impact of communication limitations has not been fully
explored. Figure illustrates the effects of latency and communication interruptions
on LiDAR-based detection, underscoring the need to study the impact of communication

limitations on CP. This chapter examines the effects of latency, communication interruptions,

1» Agent” refers to a vehicle or infrastructure unit with sensing and connection capabilities.
2” Collaboration” and ”multi-agent fusion” are used interchangeably.

14
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(a) Fusion with all collaborative agents (b) Fusion with presence of delayed (c) Fusion with presence  of
(Ideal communication) collaborative agents communication interruption
|:| Ground Truth D Prediction Missed Detection False/Misaligned Detection

Figure 3.1: Impact of communication limitations on collaborative detection. (a) Ideal
communication with all agents; (b) Presence of delayed collaborative agents (by 400 ms), resulting
in false/misaligned detections; (c) Presence of communication interruptions, leading to more missed

detections compared to (a).

and bandwidth constraints on collaborative detection performance using a state-of-the-art

CP model. To study these impacts, we conduct the followings:

— An investigation of how different levels of latency influence the performance of
LiDAR-based collaborative detection.

— An analysis of the impact of various compression levels during data transmission on

collaborative perception systems.

— An evaluation of the effects of random communication interruptions on collaborative

detection results.

— A proposed method to mitigate latency and communication interruption using a

lightweight spatio-temporal feature prediction model.

The remainder of this chapter is structured as follows: We begin with a brief introduction
to CP, followed by a detailed review of existing literature on CP systems. We then describe
the graph-based CP framework used to assess the impact of communication limitations.
Subsequently, we discuss the results of our experiments and conclude by summarizing our

findings and outlining considerations for future work in this domain.

3.2 Related Work in Non-ideal Collaborative Perception

Most collaborative perception (CP) methods discussed in Chapter [2| Section assume
ideal communication scenarios. Some recent work has begun to address the challenges posed
by non-ideal conditions in real-world applications. These studies investigate how factors
such as latency, bandwidth limitations, pose errors, and the gap between simulated and real

environments can significantly impact the performance of CP systems.

In studying latency-aware collaboration, SyncNet [26] has made notable contributions. This
work not only studied the effects of communication delays but also integrated attention-based
fusion and temporal alignment techniques to mitigate these issues. Similarly, Where2comm

[27] tackled the critical challenge of bandwidth limitations in CP systems. Their approach
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focused on reducing communication bandwidth requirements without compromising the

overall performance of the collaborative perception system.

Addressing the challenge of pose errors in CP, RobustV2V [21] proposed a collaborative
scheme designed to be robust against unknown sensor location errors. This work is
particularly significant as accurate pose information is crucial for effective collaboration
between multiple agents. In an another work, V2X-ViT [25| introduced a vision
transformer-based collaboration method capable of handling both ideal and noisy localization

scenarios, further enhancing the robustness of CP systems in real-world conditions.

The gap between simulated and real environments, a persistent challenge in autonomous
driving research, has been addressed by DUSA [32]. This work explored sim2real adaptation
techniques in the context of cooperative perception, aiming to improve the transferability
of models trained in simulated environments to real-world scenarios.  Additionally,
CO3 [33] contributed to this area by studying unsupervised contrastive learning for
vehicle-infrastructure point cloud feature collaboration, potentially offering a way to reduce

the reliance on large amounts of labeled real-world data.

Some researchers have also explored CP in the context of heterogeneous agent networks.
MPDA [29] and DI-V2X [30] investigated collaboration strategies for non-identical agents,
addressing the reality that different vehicles and infrastructure elements may have varying
sensing and processing capabilities. These works contribute to making CP systems more
adaptable and robust in diverse real-world settings. Lastly, Coopernaut 28] took a holistic
approach by exploring end-to-end driving via cooperative perception. This work potentially
bridges the gap between perception and control in autonomous driving systems, considering

the challenges of non-ideal conditions throughout the entire driving pipeline.

Although recent studies have advanced collaborative perception (CP) in non-ideal conditions,
a significant gap remains between theoretical progress and real-world applications. Many
current CP efforts assume ideal communication scenarios, overlooking crucial limitations
in autonomous driving environments. Our study addresses this gap by systematically
investigating the impact of communication challenges on CP performance. Specifically,
we examine the effects of varying latency levels, data compression ratios, and random
communication interruptions on LiDAR-based collaborative detection. To mitigate
these issues, we propose a lightweight spatio-temporal feature prediction model. This
comprehensive approach bridges the gap between theoretical advancements and practical
implementations, contributing to the development of more robust and reliable CP systems

for real-world autonomous driving scenarios.

3.3 Collaborative Perception Framework

In this section, we cover the CP framework used to study the impact of communication
limitations. In this work, we adopt the state-of-the-art open-source LiDAR-based CP
method named coperception with DiscoNet [10]. This method uses a student-teacher
knowledge distillation model in which the teacher uses raw-level fusion and the student uses a
graph-based feature-level collaborative method as shown in Figure[3.2] The following sections
discuss the chosen method and the components that are used to simulate the communication

limitations.
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3.3.1 Early Fusion During Training

Early collaboration provides the upper bound of performance due to the aggregation of raw
LiDAR data from all collaborating agents. As shown in Figure the teacher model uses
early collaboration that allows for a comprehensive view of the driving environment. This
enables the use of combined data from all agents with the aim of minimizing performance
degradation due to issues such as occlusion and perception limitations faced by individual
agents. The teacher model processes these aggregated data to guide the learning process in
a student model during the inference phase. This model acts as a guide to force the student

model to improve CP performance.

The teacher model employs a feature encoder-decoder and output header that are used only
during training. For the feature encoding process, the system receives an aggregated 3D
point cloud (X,) from all participating agents {Xi,..., Xx}, merging their collected data
points within a global coordinate framework. To align the global point cloud X to each
agent’s reference frame, it is transformed to match the individual coordinate system of
the agents, ensuring that the teacher and student models process data within a consistent
coordinate system. In the decoding stage, the teacher model feature map is transformed
through the feature decoder to produce a bird’s-eye-view (BEV)-based feature map. This
map then passes through the output header, producing category classifications and bounding
box regressions. The training follows the conventional teacher-student methodology, where
it is trained independently using binary cross-entropy for category classification and smooth

L1 loss for bounding box regression.

The overall loss is a summation of individual loss functions, representing the combined
classification and regression errors for each agent’s detected ground truth within their

perception field.

3.3.2 Graph-Based Intermediate Fusion

Intermediate collaboration is collaboration that focuses on the exchange of intermediate
features, rather than raw data or final perception output. This method strikes a balance
between bandwidth-heavy early collaboration and potentially noisy late collaboration.
Therefore, the student model employs an intermediate-level fusion. Based on [10], a
graph-based intermediate collaboration is used to model interactions and data exchange
between agents, as illustrated in Figure In this graph-based collaboration, the nodes
represent an agent, and the edges represent matrix-valued features that are exchanged
between the collaboration agents. The strength of collaboration is encoded in these edges,
which is learned during training. The collaboration graph facilitates the aggregation of
features from different agents, allowing for a more nuanced and efficient fusion of information.
This process is designed to adaptively learn the specific contributions of each agent to the

overall perception task.

Similar to the teacher model, the student model also includes feature encoding-decoding
stages and taskhead. Here, each agent i processes the 3D point cloud input X; with its
feature encoder. The encoder transforms the 3D point cloud into a bird’s-eye-view (BEV)
map suitable for 2D convolution operations. This BEV map, a 2D representation of the 3D
point cloud, undergoes a series of convolutional, batch normalization, and ReLU activation

operations to refine and enrich the feature data. The feature maps are then compressed
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prior to transmission. The collaboration graph allows feature map updates through agent
interactions. The collaboration graph process consists of transmission, where agents exchange
compressed feature maps and attention network, where each agent computes attention
weights to assess the importance of received feature maps; and aggregation, where agents

update their own feature maps by integrating received features based on the attention.

Through this intermediate collaboration, agents can share compressed, yet informative,
feature maps, reducing the required communication bandwidth while still enhancing the
collective perception capability. The effect of bandwidth requirement versus performance is
studied by adjusting the compression level of the matrix-valued weights of the edges on the
graph. The graph also allows for random communication interruption by removing randomly
chosen edges from the graph and studying the impact. To study the effect of latency, a frame

delay is introduced in the transmission of features from one agent to another.

Following the collaboration process, each agent uses a decoder to refine the updated BEV
feature map. This refinement involves upsampling the feature map through a series of layers,
each enhancing the details by merging with corresponding features from earlier stages and
reducing channel dimensions via convolution. Subsequently, an output header processes this
enhanced map to produce the final detection results, identifying object categories and their
bounding boxes through convolutional pathways. This structured approach ensures that
each agent can accurately interpret and respond to the collective data gathered during the

collaboration.

LiDAR Input from Each Agent

Aggregated Raw LiDAR Input
X ={X ..., X}

Collaborative .
Graph Learning Collaboration &

Communication Module

Teacher Model -

Training Only Student Model

Figure 3.2: Collaborative perception framework. A LiDAR-based collaborative perception
approach utilizing a student-teacher knowledge distillation model [10]. Here, the teacher model
employs raw-level fusion, while the student model adopts a graph-based feature-level collaboration
method. The collaborative graph is further illustrated in Figure @

3.3.3 Feature Compression

To study the impact of the size of the information that is being exchanged, each collaborative
agent has the ability to compress its feature map (F?) before transmission to reduce the

bandwidth requirement. As in most previous works, a 1x1 convolutional filter is used to
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Figure 3.3: Collaborative and communication graph. Each node, {1, 2,3, 4,5} represents one
collaborative agent. Each edge F;_-; is the transmitted feature from agent ¢ to agent j when ¢
is different from j and its own extracted feature if © = j. Using this collaborative graph, different

levels of latency, communication interruption, and compression are simulated.

compress the channel dimension. Hence, B; = Compress(F?), where B; is compressed feature

map of the i*" agent, which is subsequently transmitted to other agents.

3.3.4 Communication Interruption

Communication interruption is a critical factor that can significantly affect the performance
of collaborative perception systems. Using the collaboration graph G(V, E) shown in Figure
where V represents the agents and E the communication links between them, we
introduce random interruptions in the communication links between agents to simulate the
unreliability of real-world networks. To simulate communication interruptions, we randomly
disable certain edges F between pairs of agents from all possible pairs (4, j), where each pair
represents direct communication between two agents. This method allows us to examine
the impact of network interruptions on the system’s ability to collaboratively perceive the
environment. By altering the number of disrupted edges F in various tests, we can test how

effectively the CP system can operate amidst realistic communication interruptions.
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Figure 3.4: Spatio-temporal prediction module for handling latency and communication
interruption — Historical features undergo sequential 2D convolution to extract spatial features,
followed by LSTM layers to capture temporal dynamics and then passed through a fully
connected layer, which ensures accurate feature recovery, compensating for any data loss due

to communication limitations.

3.3.5 Latency

Latency significantly influences the performance of collaborative perception systems. In our
model, we incorporate latency directly into the communication graph to assess its impact on
data exchange between agents. Each edge (¢,7) € E is associated with a latency 7;;, which
represents the delay encountered in the transmission of information from agent i to agent j.
In doing so, we can analyze the impact of various latency scenarios on the overall effectiveness
of the CP system, evaluating ho